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Abstract: In this paper we derive the asymptotic properties of the least squares estimator
(LSE) of fractionally integrated autoregressive moving-average (FARIMA) models under the
assumption that the errors are uncorrelated but not necessarily independent nor martingale
differences. We relax considerably the independence and even the martingale difference as-
sumptions on the innovation process to extend the range of application of the FARIMA
models. We propose a consistent estimator of the asymptotic covariance matrix of the LSE
which may be very different from that obtained in the standard framework. A self-normalized
approach to confidence interval construction for weak FARIMA model parameters is also
presented. All our results are done under a mixing assumption on the noise. Finally, some
simulation studies and an application to the daily returns of stock market indices are presented
to corroborate our theoretical work.
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1. Introduction

Long memory processes takes a large part in the literature of time series (see for instance [GJ80],
[FT86], [Dah89], [Hos81], [BFGK13], [Pal07], among others). They also play an important role in
many scientific disciplines and applied fields such as hydrology, climatology, economics, finance,
to name a few. To model the long memory phenomenon, a widely used model is the fractional
autoregressive integrated moving average (FARIMA, for short) model. Consider a second order
centered stationary process X := (X;):cz satisfying a FARIMA(p, do, q) representation of the form

a(L)(1 — L)% X, = b(L)ey, (1)

where dy € ]0,1/2[ is the long memory parameter, L stands for the back-shift operator and

a(L) =1—3"F , a;L" is the autoregressive (AR for short) operator and b(L) =1 — Y7  biL'is

the moving average (MA for short) operator (by convention ag = by = 1). The operators a and
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b represent the short memory part of the model. The linear innovation process € := (€t)tez is
assumed to be a stationary sequence satisfies

(A0):  El[e] =0, Var(e:) = 02 and Cov (e, €rp) = 0 for all t € Z and all h # 0.

Under the above assumptions the process ¢ is called a weak white noise. Different sub-classes of
FARIMA models can be distinguished depending on the noise assumptions. It is customary to say
that X is a strong FARIMA(p, do, ) representation and we will do this henceforth if in (1) € is
a strong white noise, namely an independent and identically distributed (iid for short) sequence
of random variables with mean 0 and common variance. A strong white noise is obviously a weak
white noise because independence entails uncorrelatedness. Of course the converse is not true.
Between weak and strong noises, one can say that € is a semi-strong white noise if € is a stationary
martingale difference, namely a sequence such that E(e¢|e;—1, €:—2,...) = 0. An example of semi-
strong white noise is the generalized autoregressive conditional heteroscedastic (GARCH) model
(see [FZ10]). If € is a semi-strong white noise in (1), X is called a semi-strong FARIMA(p, do, q).
If no additional assumption is made on ¢, that is if € is only a weak white noise (not necessarily iid,
nor a martingale difference), the representation (1) is called a weak FARIMA(p, do, q). It is clear
from these definitions that the following inclusions hold:

{strong FARIMA(p, do, q)} C {semi-strong FARIMA(p, do, q)} C {weak FARIMA(p, do, q)} .

Nonlinear models are becoming more and more employed because numerous real time series exhibit
nonlinear dynamics. For instance conditional heteroscedasticity can not be generated by FARIMA
models with iid noises.! As mentioned by [FZ05, FZ98] in the case of ARMA models, many
important classes of nonlinear processes admit weak ARMA representations in which the linear
innovation is not a martingale difference. The main issue with nonlinear models is that they are
generally hard to identify and implement. These technical difficulties certainly explain the reason
why the asymptotic theory of FARIMA model estimation is mainly limited to the strong or semi-
strong FARIMA model.

Now we present some of the main works about FARIMA model estimation when the noise
is strong or semi-strong. For the estimation of long-range dependent process, the commonly used
estimation method is based on the Whittle frequency domain maximum likelihood estimator (MLE)
(see for instance [Dah89], [FT86], [TT97], [GS90]). The asymptotic properties of the MLE of
FARIMA models are well-known under the restrictive assumption that the errors ¢, are independent
or martingale difference (see [Ber95], [BFGK13], [Pal07], [BCT96], [LL97], [HK98], among others).
All the works mentioned above assume either strong or semi-strong innovations. In the modeling
of financial time series, for example, the GARCH assumption on the errors is often used (see for
instance [BCT96], [HK98]) to capture the conditional heteroscedasticity. There is no doubt that
it is important to have a soundness inference procedure for the parameter in the FARIMA model
when the (possibly dependent) error is subject to unknown conditional heteroscedasticity. Little
is thus known when the martingale difference assumption is relaxed. Our aim in this paper is to
consider a flexible FARIMA specification and to relax the independence assumption (and even the
martingale difference assumption) in order to be able to cover weak FARIMA representations of
general nonlinear models. This is why it is interesting to consider weak FARIMA models.

! To cite few examples of nonlinear processes, let us mention the self-exciting threshold autoregressive (SETAR),
the smooth transition autoregressive (STAR), the exponential autoregressive (EXPAR), the bilinear, the random
coefficient autoregressive (RCA), the functional autoregressive (FAR) (see [Ton90] and [FYO08] for references on
these nonlinear time series models).
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A very few works deal with the asymptotic behavior of the MLE of weak FARIMA models.
To our knowledge, [Shal2, ShalOb] are the only papers on this subject. Under weak assumptions
on the noise process, the author has obtained the asymptotic normality of the Whittle estimator
(see [Whib3]). Nevertheless, the inference problem is not addressed. This is due to the fact that
the asymptotic covariance matrix of the Whittle estimator involves the integral of the fourth-order
cumulant spectra of the dependent errors ¢;. Using non-parametric bandwidth-dependent methods,
one build an estimation of this integral but there is no guidance on the choice of the bandwidth
in the estimation procedures (see [Shal2, Tan82, Kee87, Chi88] for further details). The difficulty
is caused by the dependence in ¢;. Indeed, for strong noise, a bandwidth-free consistent estimator
of the asymptotic covariance matrix is available. When ¢; is dependent, no explicit formula for a
consistent estimator of the asymptotic variance matrix seems to be provided in the literature (see
[Shal2]).

In this work we propose to adopt for weak FARIMA models the estimation procedure developed
in [FZ98] so we use the least squares estimator (LSE for short). We show that a strongly mixing
property and the existence of moments are sufficient to obtain a consistent and asymptotically
normally distributed least squares estimator for the parameters of a weak FARIMA representation.
For technical reasons, we often use an assumption on the summability of cumulants. This can be
a consequence of a mixing and moments assumptions (see [DL89], for more details). These kind
of hypotheses enable us to circumvent the problem of the lack of speed of convergence (due to
the long-range dependence) in the infinite AR or MA representations. We fix this gap by proposing
rather sharp estimations of the infinite AR and MA representations in the presence of long-range
dependence (see Subsection 6.1 for details).

In our opinion there are three major contributions in this work. The first one is to show that
the estimation procedure developed in [FZ98] can be extended to weak FARIMA models. This goal
is achieved thanks to Theorem 1 and Theorem 2 in which the consistency and the asymptotic
normality are stated. The second one is to provide an answer to the open problem raised by
[Shal2] (see also [ShalOb]) on the asymptotic covariance matrix estimation. We propose in our
work a weakly consistent estimator of the asymptotic variance matrix (see Theorem 3). Thanks
to this estimation of the asymptotic variance matrix, we can construct a confidence region for
the estimation of the parameters. Finally another method to construct such confidence region is
achieved thanks to an alternative method using a self normalization procedure (see Theorem 6).

The paper is organized as follows. Section 2 shown that the least squares estimator for the
parameters of a weak FARIMA model is strongly consistent when the weak white noise (e;) is
ergodic and stationary, and that the LSE is asymptotically normally distributed when (e;) satisfies
mixing assumptions. The asymptotic variance of the LSE may be very different in the weak and
strong cases. Section 3 is devoted to the estimation of this covariance matrix. We also propose a
self-normalization-based approach to constructing a confidence region for the parameters of weak
FARIMA models which avoids to estimate the asymptotic covariance matrix. We gather in Section
7 all our figures and tables. These simulation studies and illustrative applications on real data are
presented and discussed in Section 4. The proofs of the main results are collected in Section 6.

In all this work, we shall use the matrix norm defined by [|Al| = sup, <1 [|Ax]| = P2 (A'A),

when A is a RK>k matrix, ||x||> = x'x is the Euclidean norm of the vector x € R, and p()
denotes the spectral radius.
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2. Least squares estimation

In this section we present the parametrization and the assumptions that are used in the sequel.
Then we state the asymptotic properties of the LSE of weak FARIMA models.

2.1. Notations and assumptions

We make the following standard assumption on the roots of the AR and MA polynomials in (1).

(A1): The polynomials a(z) and b(z) have all their roots outside of the unit disk with no
common factors.

Let ©* be the compact space

P q
o ::{(91, 02,....0p1q) € RPT9, where a9(z) =1 — ZG;zi, and by(z) =1— Zﬂpﬂ-zj
i=1 j=1

have all their zeros outside the unit disk and have no zero in common} .

Denote by © the cartesian product ©* x [di, d>], where [dy, do] C ]0,1/2[ with di < dy < db.
The unknown parameter of interest 6 = (a1, a2, ..., ap, b1, bo, ..., by, do) is supposed to belong
to the parameter space ©.

The fractional difference operator (1 — L)% is defined, using the generalized binomial series, by

(1-L)® =2 ajd)L,

Jj=0

where for all j > 0, oj(do) = '(j—do)/ {I'(j + 1) (—db)} and I(-) is the Gamma function. Using
the Stirling formula we obtain that for large j, aj(do) ~ j=%~1/I(—dp) (one refers to [BFGK13]
for further details).

For all § € © we define (€:(0))tcz as the second order stationary process which is the solution
of

p q
ce(0) =D aj(d)Xeej = D0 Y ai(d)Xemimj + Y Oprjeei(6). (2)
>0 =1 j>0 j=1
Observe that, for all t € Z, €:(0g) = € a.s. Given a realization X, ..., X, of length n, €:(0) can
be approximated, for 0 < t < n, by €;(0) defined recursively by

t—i—1

t—1 - q
&(0) =Y aj(d)Xe—j =D 00 Y ai(d)Xemij+ Y Opijérj(0), (3)
j=0 j=0

i=1 j=1

with €:(0) = Xy = 0 if t < 0. It will be shown that these initial values are asymptotically negligible
uniformly in 6 and, in particular, that €:(0) — é:(6) — 0 almost surely as t — oo (see Lemma 4
hereafter). Thus the choice of the initial values has no influence on the asymptotic properties of
the model parameters estimator.

Let ©F denote the compact set

©; = {6 € RP™9; the roots of the polynomials ay(z) and by(z) have modulus >1+4}.
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We define the set O; as the cartesian product of ©5 by [dy, do], i.e. ©5 = OF X [dy, db], where §
is a strictly positive constant chosen such that 6y belongs to ©;.
The random variable 6,, is called least squares estimator if it satisfies, almost surely,

n

0, = argmin Qn(0), where Qu(0) = %Zef(e). (4)

0c Oy =1

Our main results are proven under the following assumptions:
(A2):  The process (e)tez is strictly stationary and ergodic.

The strong consistency of the least squares estimator will be proved under the three above assump-
tions ((A0), (A1) and (A2)). For the asymptotic normality of the LSE, additional assumptions
are required. It is necessary to assume that 6y is not on the boundary of the parameter space ©.

(A3):  We have 6y € é where é denotes the interior of ©.

The stationary process ¢ is not supposed to be an independent sequence. So one needs to control
its dependency by means of its strong mixing coefficients {c.(h)},cy defined by

ae (h) = sup P(AN B)—P(A)P(B)|,
AcFt  BEF,
where F* = o(ey, u<t)and FY, = o(ey, u>t+ h).
We shall need an integrability assumption on the moments of the noise ¢ and a summability
condition on the strong mixing coefficients (c.(k))k>0.

(A4): There exists an integer 7 such that for some v €]0,1], we have Ele;|”" < oo and
S22 o(h+ 1)k 2 {ac(h)} v <oofork=1,...,7.

Note that (A4) implies the following weak assumption on the joint cumulants of the innovation
process € (see [DL89], for more details).

(A4’):  There exists an integer 7 > 2 such that C; := > lcum(eg, €y, ..., € ;)] < o0

iyenir_1E7Z
In the above expression, cum(eg, €j, . .., €;__,) denotes the 7—th order cumulant of the stationary
process. Due to the fact that the €;'s are centered, we notice that for fixed (/,, k)

cum(eo, €, ej, Ek) =E [606,’6j6k] —E [606,‘] E [ejek] —E [eoej] E [e,-ek] —E [Eoek] E [6,‘6]] .

Assumption (A4) is a usual technical hypothesis which is useful when one prove the asymptotic
normality (see [FZ98] for example). Let us notice however that we impose a stronger convergence
speed for the mixing coefficients than in the works on weak ARMA processes. This is due to the
fact that the coefficients in the AR or MA representation of €;(#) have no more exponential decay
because of the fractional operator (see Subsection 6.1 for details and comments).

As mentioned before, Hypothesis (A4) implies (A4") which is also a technical assumption usually
used in the fractionally integrated ARMA processes framework (see for instance [ShalOc]) or even
in an ARMA context (see [FZ07, ZL15]). One remarks that in [ShalOb], the author emphasized
that a geometric moment contraction implies (A4"). This provides an alternative to strong mixing
assumptions but, to our knowledge, there is no relation between this two kinds of hypotheses.
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2.2. Asymptotic properties

The asymptotic properties of the LSE of the weak FARIMA model are stated in the following two
theorems.

Theorem 1. (Consistency). Assume that (e;)tcz, satisfies (1) and belonging to L.2. Let (6,), be
a sequence of least squares estimators. Under Assumptions (A0), (A1) and (A2), we have

The proof of this theorem is given in Subsection 6.2.
In order to state our asymptotic normality result, we define the function

0,(6) = =" &(0), (5)

t=1

where the sequence (€:(0)),c is given by (2). We consider the following information matrices

62

1(6) = lim Var{ﬁ%on(f))} and J(0) = lim [W

n—o0

O,,(H)} a.s.

The existence of these matrices are proved when one demonstrates the following result.

Theorem 2. (Asymptotic normality). We assume that (e;)+cz, satisfies (1). Under (A0)-(A3) and
Assumption (A4) with T = 4. The sequence (\/n(6, — 00))n>1 has a limiting centered normal
distribution with covariance matrix 2 := J=1(600)1(60)J (o).

The proof of this theorem is given in Subsection 6.3.

Remark 1. Hereafter (see more precisely (52)), we will be able to prove that

0 0
J(Ho) = 2E _et(HO)M

89 et(90) .

Thus the matrix J(0g) has the same expression in the strong and weak FARIMA cases (see Theorem
1 of [Ber95]). On the contrary, the matrix 1(6y) is in general much more complicated in the weak
case than in the strong case.

Remark 2. In the standard strong FARIMA case, i.e. when (A2) is replaced by the assumption that
(€:) is iid, we have I(0y) = 202J(6p). Thus the asymptotic covariance matrix is then reduced as
Qs = 202J7(6y). Generally, when the noise is not an independent sequence, this simplification
can not be made and we have I(6g) # 202J(6g). The true asymptotic covariance matrix £ =
J71(00)1(00)J~1(00) obtained in the weak FARIMA framework can be very different from Qs. As
a consequence, for the statistical inference on the parameter, the ready-made softwares used to
fit FARIMA do not provide a correct estimation of 2 for weak FARIMA processes because the
standard time series analysis softwares use empirical estimators of 2s. The problem also holds in
the weak ARMA case (see [FZ07] and the references therein). This is why it is interesting to find
an estimator of £2 which is consistent for both weak and (semi-)strong FARIMA cases.

Based on the above remark, the next subsection deals with two different methods in order find
an estimator of (2.
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3. Estimating the asymptotic variance matrix

For statistical inference problem, the asymptotic variance {2 has to be estimated. In particular
Theorem 2 can be used to obtain confidence intervals and significance tests for the parameters.
First of all, the matrix J(fp) can be estimated empirically by the square matrix J, of order

p+ g+ 1 defined by: )
h=2 e 0 {are ()} @
t=1

The convergence of J, to J(fp) is classical (see Lemma 8 in Subsection 6.3 for details).

In the standard strong FARIMA case, in view of remark 2, we have 25 := 262J;1 with 62 =
Q,,(GA,,). Thus s is a strongly consistent estimator of 2. In the general weak FARIMA case, this
estimator is not consistent when /(6p) # 202J(6p). So we need a consistent estimator of /(o).

3.1. Estimation of the asymptotic matrix |(6o)

For all t € Z, let

i

Ht(éo):Qet(Ho)%et(Ho):<2et(90) 82 «(6o), - ,2et(90)ﬁet(eo)>. (7)

We shall see in the proof of Lemma 9 that

I(60) = lim w(\rzm (60) ) = i Cov (He(6o), He—n(60)) .

h=—00

Following the arguments developed in [BMCF12], the matrix /(fg) can be estimated using Berk's
approach (see [Ber74]). More precisely, by interpreting /(6p)/27 as the spectral density of the
stationary process (H:(6p))tcz evaluated at frequency O, we can use a parametric autoregressive
estimate of the spectral density of (H¢(6p))tcz in order to estimate the matrix /(6p).

For any 0 € ©, H:(0) is a measurable function of {¢s, s < t}. The stationary process (H:(6p)):cz
admits the following Wold decomposition He(6o) = ue + Y poq YkUt—k, Where (ut)iez is a (p +
q + 1)—variate weak white noise with variance matrix X,.

Assume that X, is non-singular, that >"5% ||1k|| < oo, and that det(/piq11+ > peq WkzX) # 0
when |z| < 1. Then (H:(6p))tcz admits a weak multivariate AR(co) representation of the form

P(L)H: (o) := He(0o) — Z S He(00) = uy, (8)
k=1

such that >"}7 ; || @«]| < oo and det {®(z)} # 0 for all |z| < 1. It is proved in [BM09, Liit05] that
one may find a constant K and 0 < p < 1 such that

194ll < K p~. (9)

Thanks to the previous remarks, the estimation of /(6) is therefore based on the following
expression

I(6o) = o1 (1) T, 07 1(1).
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Consider the regression of H:(6g) on Hi_1(6o), ..., H:—.(6o) defined by

He(00) = > @ kHe—i(00) + ur,e, (10)
k=1

where u, ; is uncorrelated with Hy_1(6p), . . ., Hi—r(60)- Since H¢(6o) is not observable, we introduce

A, € RPT9+1 obtained by replacing et(Ho) by €:(60) and 6g by 6, in (7):
i = 264(6,)-2(0,) (11)

t = <€t 59 n) -

Let @ (z) = p+q+1 Sy L rkz where ¢>,1, e <f>,, denote the coefficients of the LS re-
gression of A, on H,_q,..., H._,. Let 0+ be the residuals of this regression and let X be the

empirical variance (defined in (12) below) of d,1,..., dr,. The LSE of @, = (&, 1, ..., ¢> r.r) and
X, = Var(u,:) are given by

R . . . ) PN
Qr = Fl,ﬂr ﬂl and Xﬁr = ; Z (Ht - Qrﬂr,t> (Ht - Qrﬂr,t> ’ (12)
where

A~ A/ A7 / A 1 A A
H i =Hey, oo, He ). AA,~ 7, HH, ; and X Z Hr tir e

with by convention H; = 0 when t < 0. We assume that f,:,, is non-singular (which holds true
asymptotically). -

In the case of linear processes with independent innovations, Berk (see [Ber74]) has shown that
the spectral density can be consistently estimated by fitting autoregressive models of order r = r(n),
whenever r tends to infinity and r3/n tends to 0 as n tends to infinity. There are differences with
[Ber74]: (H:(6o))tez is multivariate, is not directly observed and is replaced by (Hy)ecz. It is shown
that this result remains valid for the multivariate linear process (H¢(6o)):cz with non-independent
innovations (see [BMCF12, BMF11], for references in weak (multivariate) ARMA models). We will
extend the results of [BMCF12] to weak FARIMA models.

The asymptotic study of the estimator of /(6p) using the spectral density method is given in the
following theorem.

Theorem 3. We assume (A0)-(A3) and Assumption (A4’) with T = 8. In addition, we assume
that the process (Ht(00))tez defined in (7) admits a multivariate AR(cc) representation (8). Then,
the spectral estimator of 1(6y)

A

5P = &1 (1) 55 871 (1) —— 1(60) = @7 (1) 5,071 (1)

n—o0

where r depends on n and satisfies limp_, r5(n)/n1_2(d2_d1) = 0 (remind that dy € [d1,d>] C
10,1/2[).
The proof of this theorem is given in Subsection 6.4.

A second method to estimate the asymptotic matrix (or rather avoiding estimate it) is proposed
in the next subsection.
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3.2. A self-normalized approach to confidence interval construction in weak FARIMA
models

We have seen previously that we may obtain confidence intervals for weak FARIMA model parame-
ters as soon as we can construct a convergent estimator of the variance matrix /(6p) (see Theorems
2 and 3). The parametric approach based on an autoregressive estimate of the spectral density of
(H:(00))tez that we used before has the drawback of choosing the truncation parameter r in (10).
This choice of the order truncation is often crucial and difficult. So the aim of this section is to
avoid such a difficulty.

This section is also of interest because, to our knowledge, it has not been studied for weak
FARIMA models. Notable exception is [Shal2] who studied this problem in a short memory case
(see Assumption 1 in [Shal2] that implies that the process X is short-range dependent).

We propose an alternative method to obtain confidence intervals for weak FARIMA models by
avoiding the estimation of the asymptotic covariance matrix /(6p). It is based on a self-normalization
approach used to build a statistic which depends on the true parameter 6y and which is asymptot-
ically distribution-free (see Theorem 1 of [Shal2] for a reference in weak ARMA case). The idea
comes from [LobO1] and has been already extended by [BMS18, KL06, ShalOc, ShalOa, Shal2]
to more general frameworks. See also [Shal5] for a review on some recent developments on the
inference of time series data using the self-normalized approach.

Let us briefly explain the idea of the self-normalization.

By a Taylor expansion of the function 9Q,(-)/06 around 6, under (A3), we have

0 = Vi 25 0nl0n) = Vi Qo) + [

Qn (65, :J)] Vn (én - 90) . (13)

where the 67 ; .'s are between 6, and 6. Using the following equation

0 0 92

Vn (aao (o) — 34 Qn(90)> f 5 0n(00) + { [89 o6 Qn (9;,1)} — J(6o) +J(90)} (8, — 6),

we shall be able to prove that (13) implies that

V04 (f) + (o) /(6 — o) = oz (1) (14)

This is due to the following technical properties:

e the convergence in probability of \/ndQ,(0)/00 to /ndO,(0y)/I0 (see Lemma 5 hereafter),
e the almost-sure convergence of [820,,( nij)/00:00;] to J(6o) (see Lemma 8 hereafter),

e the tightness of the sequence (/n(f, — 6o))n (see Theorem 2) and
e the existence and invertibility of the matrix J(6p) (see Lemma 6 hereafter).

Thus we obtain from (14) that
\/7(9 — o) = \[ZUHFOP

where (remind (7))
Ur = —J71(00) He (60).
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At this stage, we do not rely on the classical method that would consist in estimating the asymptotic
covariance matrix /(6p). We rather try to apply Lemma 1 in [Lob01]. So we need to check that a
functional central limit theorem holds for the process U := (U;)s>1. For that sake, we define the
normalization matrix P g1, of R(PHa+H)x(pHa+1)

t

PP-I-CH—l,n - % Z Z(UJ - Un) Z(Uj - Un) ' (15)

t=1 \ j=1 j=1

where U, = (1/n)>_"_; U;. To ensure the invertibility of the normalization matrix Ppiq1.n (it
is the result stated in the next proposition), we need the following technical assumption on the
distribution of ;.

(A5): The process (€;)tcz has a positive density on some neighborhood of zero.

Proposition 4. Under the assumptions of Theorem 2 and (A5), the matrix Ppyq41,n is almost
surely non singular.

The proof of this proposition is given in Subsection 6.5.
Let (Bm(r))r>0 be a m-dimensional Brownian motion starting from 0. For m > 1, we denote by
U, the random variable defined by:

Un = B(1)V,," Bm(1), (16)

where
1 !
V,, = /o (Bm(r) — rBm(1)) (Bm(r) — rBm(1)) dr. (17)

The critical values of U, have been tabulated by [Lob01].
The following theorem states the self-normalized asymptotic distribution of the random vector

\/ﬁ(én — o).
Theorem 5. Under the assumptions of Theorem 2 and (A5), we have

A ! y— A in law
n(0n — 00) Pyl o1, —00) 72 Upqir.

The proof of this theorem is given in Subsection 6.6.

Of course, the above theorem is useless for practical purpose because the normalization matrix
Pptq+1,n is not observable. This gap will be fixed below when one replaces the matrix Ppigt1,n
by its empirical or observable counterpart

t

n t
Potgtin = %Z DO =i 00| [ D0 - 5500 0k) | where 0; = —J,A;.
t=1 \j=1 j=1
(18)
The above quantity is observable and we are able to state our Theorem which is the applicable
version of Theorem 5.

Theorem 6. Under the assumptions of Theorem 2 and (A5), we have

A ra_ A in |
’7(9n - 90) 'Dqu+1,n(9n - 90) %) up+q+1-
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The proof of this theorem is given in Subsection 6.7.
At the asymptotic level «, a joint 100(1 — «)% confidence region for the elements of 6y is then
given by the set of values of the vector # which satisfy the following inequality:

A

n(0, —0) ’Sp_jq+1,n(én —0) < Up+q+1,a:
where Uy g41,q is the quantile of order 1 — « for the distribution of Up4g1.

Corollary 7. Forany 1 < i< p+q+1, a100(1 — «)% confidence region for 0y(i) is given by
the following set:

{X € R; n(da(i) — X)2I3P_-i:-lq+1,n(i' i) < ul'o‘} :

where U ,, denotes the quantile of order 1 — «v of the distribution for ;.
The proof of this corollary is similar to that of Theorem 6 when one restricts ourselves to a one
dimensional case.

4. Numerical illustrations

In this section, we investigate the finite sample properties of the asymptotic results that we intro-
duced in this work. For that sake we use Monte Carlo experiments. The numerical illustrations of
this section are made with the open source statistical software R (see R Development Core Team,
2017) or (see http://cran.r-project.org/).

4.1. Simulation studies and empirical sizes for confidence intervals
We study numerically the behavior of the LSE for FARIMA models of the form
(1—L)9 (X — aXe—1) = € — bee_1, (19)

where the unknown parameter is taken as 6y = (a, b, d) = (—0.7, —0.2,0.4). First we assume that
in (19) the innovation process ()7 is an iid centered Gaussian process with common variance 1
which corresponds to the strong FARIMA case. In two other experiments we consider that in (19)
the innovation processes (€t):cz are defined respectively by

€t = Ot
{ 0?2 =0.04 +0.12¢2_; +0.8502_; (20)
and

€t = 77577t—1, (21)

where (1;)¢>1 is a sequence of iid centered Gaussian random variables with variance 1. Note that
the innovation process in (21) is not a martingale difference whereas it is the case of the noise
defined in (20).

We simulated N = 1, 000 independent trajectories of size n = 2,000 of Model (19) in the three
following case: the strong Gaussian noise, the semi-strong noise (20) and the weak noise (21).

Figure 1, Figure 2 and Figure 3 compare the distribution of the LSE in these three contexts.
The distributions of d, are similar in the three cases whereas the LSE 3, of a is more accurate in
the weak case than in the strong and semi-strong cases. The distributions of b, are more accurate
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in the strong case than in the weak case. Remark that in the weak case the distributions of b, are
more accurate to the semi-strong ones.

Figure 4 compares standard estimator 25 = 262J1 and the sandwich estimator 2 = J;1/3P J-1
of the LSE asymptotic variance 2. We used the spectral estimator f,?P defined in Theorem 3.
The multivariate AR order r (see (10)) is automatically selected by AIC (we use the function
VARselect () of the vars R package). In the strong FARIMA case we know that the two estimators
are consistent. In view of the two upper subfigures of Figure 4, it seems that the sandwich estimator
is less accurate in the strong case. This is not surprising because the sandwich estimator is more
robust, in the sense that this estimator remains consistent in the semi-strong and weak FARIMA
cases, contrary to the standard estimator (see the middle and bottom subfigures of Figure 4).
Figure 5 (resp. Figure 6) presents a zoom of the left(right)-middle and left(right)-bottom panels
of Figure 4. It is clear that in the semi-strong or weak case n(a, — a)2, n(b, — b)? and n(d, — d)?
are, respectively, better estimated by J-175P J-1(1,1), J; 1P J-1(2,2) and J; L3P J-1(3,3) (see
Figure 6) than by 262J-1(1,1), 262J,1(2,2) and 262J;1(3,3) (see Figure 5). The failure of the
standard estimator of 2 in the weak FARIMA framework may have important consequences in
terms of identification or hypothesis testing and validation.

Now we are interested in standard confidence interval and the modified versions proposed in
Subsections 3.1 and 3.2. Table 1 displays the empirical sizes in the three previous different FARIMA
cases. For the nominal level a = 5%, the empirical size over the N = 1,000 independent replications
should vary between the significant limits 3.6% and 6.4% with probability 95%. For the nominal
level o« = 1%, the significant limits are 0.3% and 1.7%, and for the nominal level o = 10%, they
are 8.1% and 11.9%. When the relative rejection frequencies are outside the significant limits, they
are displayed in bold type in Table 1. For the strong FARIMA model, all the relative rejection
frequencies are inside the significant limits for n large. For the semi-strong FARIMA model, the
relative rejection frequencies of the standard confidence interval are definitely outside the significant
limits, contrary to the modified versions proposed. For the weak FARIMA model, only the standard
confidence interval of b, is outside the significant limits when n increases. As a conclusion, Table
1 confirms the comments done concerning Figure 4.

4.2. Application to real data

We now consider an application to the daily returns of four stock market indices (CAC, DAX,
Nikkei and S&P 500). The returns are defined by r; = log(p:/p:—1) where p; denotes the price
index of the stock market indices at time t. The observations cover the period from the starting
date of each index to February 14, 2019. Figure 7 (resp. Figure 8) plots the closing prices (resp.
the returns) of the four stock market indices. Figure 9 shows that the squared returns (r?);>1 are
generally strongly autocorrelated.

In Financial Econometrics the returns are often assumed to be martingale increments. The
squares of the returns have often second-order moments close to those of an ARMA(1, 1) which is
compatible with a GARCH(1, 1) model for the returns (see [FZ10]). A long-range memory property
of the stock market returns series was also largely investigated by [DGE93] (see also [BFGK13],
[Pal07] and [BCT96]). The squared returns (r?):>1 have significant positive autocorrelations at
least up to lag 100 (see Figure 9) which confirm the claim that stock market returns have long-term
memory (see [DGE93]). In particular the returns (r;)¢>1 process is characterized by substantially
more correlation between absolute or squared returns than between the returns themselves.

Now we focus on the dynamics of the squared returns and we fit a FARIMA(1, d, 1) model to
the squares of the 4 daily returns. Denoting by (X;):>1 the mean corrected series of the squared
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returns, we adjust the following model
(1- L)d (Xt — aXi—1) = € — ber_1.

Table 2 displays the LSE of the parameter § = (a, b, d) of each squared of daily returns. The
p—values of the corresponding LSE, 0, = (&n, by, cA/,,) are given in parentheses. The last column
presents the estimated residual variance. Note that for all series, the estimated coefficients |4,| and
| b,| are smaller than one and this is in accordance with our Assumption (A1). We also observe that
for all series the estimated long-range dependence coefficients d,, are significant for any reasonable
asymptotic level and are inside ]0,0.5[. We thus think that the assumption (A3) is satisfied and
thus our asymptotic normality theorem can be applied. Table 3 then presents for each serie the
modified confidence interval at the asymptotic level o = 5% for the parameters estimated in
Table 2.

5. Conclusion

Taking into account the possible lack of independence of the error terms, we show in this paper
that we can fit FARIMA representations of a wide class of nonlinear long memory times series. This
is possible thanks to our theoretical results and it is illustrated in our real cases and simulations
studies.

This standard methodology (when the noise is supposed to be iid), in particular the significance
tests on the parameters, needs however to be adapted to take into account the possible lack of
independence of the errors terms. A first step has been done thanks to our results on the confidence
intervals. In future works, we intent to study how the existing identification (see [BM12], [BMK16])
and diagnostic checking (see [BMS18], [FRZ05]) procedures should be adapted in the presence of
long-range dependence framework and dependent noise.

6. Proofs

In all our proofs, K is a strictly positive constant that may vary from line to line.

6.1. Preliminary results

In this subsection, we shall give some results on estimations of the coefficient of formal power series
that will arise in our study. Some of them are well know on some others are new to our knowledge.
We will make some precise comments hereafter.

We begin by recalling the following properties on power series. If for |z| < R, the power series
f(z) = Y ;paiz’ and g(z) = Y_,~ biz' are well defined, then one has (fg)(z) = Y ;5o ciz' is
also well defined for |z| < R with the sequence (c;);>o which is given by ¢ = a* b where * denotes
the convolution product between a and b defined by ¢; = EI/.(:O abi_x = ZL:O aj_ib;. We will
make use of the Young inequality that states that if the sequence a € /P and b € ¢9 and such that
%+%:1+%with 1<p, g r<oo, then

12 bl < lallge x 116l -

Now we come back to the power series that arise in our context. Remind that for the true value
of the parameter,
ap,(L)(1 — L)% X; = by, (L)es. (22)
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Thanks to the assumptions on the moving average polynomials by and the autoregressive polyno-
mials ag, the power series ae_1 and be_l are well defined.
Thus the functions €;(6) defined in (2) can be written as

e+(0) H(L)ag(L)(1 — L)X (23)

H(L)ag(L)(L — L)T % ap ! (L)bgy (L)er (24)

0

S| D

b
b
and if we denote (6) = (7i(6))i>0 the sequence of coefficients of the power series b, ' (z)ap(z)(1—
z)9 (which is absolutely convergent for at least for |z| < 1), we may write for all t € Z:

Et(e) = Z’Yi(g)xt—i, (25)

>0
In the same way, by (23) one has
Xe = (1—L)"%a, (L) by(L)ec(8)

and if we denote 7(f) = (1:(6));>0 the coefficients of the power series (1 — z)~9a, ! (z)by(z) one
has

Xe =Y ni(0)ee—i(6) . (26)

i>0

We strength the fact that ~o(6) = no(6) = 1 for all 6.
For large j, [HTSC99] have shown that uniformly in 6 the sequences () and 7(f) satisfy

8k7j(9) _ . 1—d 1 k B
36,06, ~© (/7 {logi)}* ) . for k =0,1,2,3, (27)
and o (6)
_Oi(0) 5 (i-1+d A1k -~
90, - 00, 0 <J {log(J)} ) , for k=0,1,2,3. (28)

Note that, in view of (25), (26) and (27), for all & € Os, ¢:() belongs to L2, that (€:(0)):ez is
an ergodic sequence and that, for all t € Z, the function ¢;(-) is a continuous function.

One difficulty that has to be addressed is that (25) includes the infinite past (X;—;)i>0 whereas
only a finite number of observations (X;)i1<¢<, are available to compute the estimators defined in
(4). The simplest solution is truncation which amounts to setting all unobserved values equal to
zero. Thus, for all # € © and 1 < t < n one defines

-1
é(0) = Z%(Q)Xt—i = Z%‘t(@)xt—i (29)
i—0

i>0

where the truncated sequence v*(6) = (7f(6))i>o is defined by

oo [0 fo<i<t—1,
i (0) = { 0 otherwise.

Since our assumptions are made on the noise in (1), it will be useful to express the random variables
€¢(0) and its partial derivatives with respect to 6, as a function of (e;—;)i>o.
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From (24), there exists a sequence A(f) = (\i(0))i>o such that

=> Xi(0)eri (30)
i=0

where the sequence A(0) is given by the sequence of the coefficients of the power series b, *(2)ag(z)(1—
z)d=dg, ( z)by,(z). Consequently \(0) = ~(0) xn(6p) or, equivalently,

0) = ~(0)i—j(6o)- (31)
j=0

We proceed in the same way as regard to the derivatives of €t(9)- More precisely, for any 6 € ©,
t € Zand 1l < k,I < p+ g+ 1 there exists sequences /\k(9) = (Aik(0))i>1 and Ay (0) =
()\, K, /( )),21 such that

(%t

aak ;A,k (0) er_i (32)
8261-
aekael ,Z::A’k’ e (33)

Of course it holds that /.\k(H) 67(9) x1(6p) and )\k 1(0) = % *1(6o)-
Similarly we have

0 =N O (34)
aEt

aak IZ;)\,,( () €e—i (35)
89k89/ iZ::/\IkI €t—is (36)

.t 2t
where A(6) = v(6) * 1(80), M (8) = Z52 « n(60) and Xy ,(6) = S0 (6).
In order to handle the truncation error et(H) — €¢(0), one needs informations on the sequence
A(0) — A1(0). This is the purpose on the following lemma.

Lemma l. For2<r<oo,1<k<p+qg-+1andfec O, we have

| A(8) = X (0) Jlr = O (727 (= )

and ' . 1
| Ak (8) = A (0) ller = O (¢71+7 (b))

Proof. We have
A(0) = A (0) = (v(9) —~*(0)) * n(0o).
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In view of (28), the sequence 7n(fy) belongs to ¢9 for any g > 1/(1 — dp). Young's inequality for
convolution yields that for all r > 2

1A (0) = A(0) [ler <[1v(8) =7 (0) llew | n(Bo) les (37)

with g = (1 — (do + )"t > 1/(1 — do) and p = r/(1 + r(do + B)), for some 3 > 0 sufficiently
small. Thus there exists K such that || n(p) ||,«< K. Since for any j > 0,

0 fo<j<t-—1

ORSHORE W

otherwise
we obtain using (27) that
o0 1/p
[A(0) = A (0) [lr <K (Z 7 (6) — ’Yﬁ(9)|p>
k=0
00 1/p
<K (Z\’ka)’p>
k=t
o) 1 1/p
<K (Z kp+pd>
k=t
<K R d v
< Kt 1

< Kt_1+%_(d_d0)+6,

where the constant K varies from line to line. The conclusion follows by tending 3 to 0.

The second point of the lemma is shown in the same way as the first. This is because from (27),
the coefficient 9;(0)/00x = O(j~179%¢) for any small enough ¢ > 0. The proof of the lemma is
then complete. O

Remark 3. Taking r = oo in the above lemma implies that the sequence A (6g) — I\ (6o) is
bounded and more precicely there exists K such that

: o K

sup [Ajk (fo) — Ak (o) < —

j>1 t

(38)

forany t and any 1 < k<p+q—+1.
One shall also need the following lemmas.

Lemma 2. Forany2<r<o0,1<k<p+q+1andf € O, there exists a constant K such
that we have o
| A (0) ller < K.

Proof. The proof follows the same arguments than the proof of Lemma 1. O

Lemma 3. There exists a constant K such that we have

K

; .

A (60)] <
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Proof. For 1 < k < p+ q + 1, the sequence A.(6) = ().\,-,k(Q)),-Zl is in fact the sequence of the
coefficients in the power series of

oo (b (@an()1 — 2 e (o))

Thus /.\i,k (6p) is the i—th coefficient taken in 6 = 6. There are three cases.

8i0k (be_l(z)ae(z)(l - Z)d_doag_ol(z)beo(z)) = —b, (2)2"(1 - z)d_doae_ol(z)bgo(z) ,

we deduce that A; « (6g) is the i—th coefficient of zkae_ol(z) which satisfies \; x (60) < Kp'
for some 0p < 1 (see [FZ98] for example).

o k=p+1....,p+gq:
We have

0 (,_ _ 0 Cdy
oo (5 @an2)(1 = 21" %an (Do) = (58 ) 2120 a3 )by (2
and consequently )'\,-'k (0o) is the i—th coefficient of (aiekbe_ol(z))bg0 (z) which also satisfies

Nk (8) < Kp' (see [FZ98)).

The last case will not be a consequence of the usual works on ARMA processes.
o k=p+qg+1:

In this case, 0, = d and so we have

0 (,_ ey — _ Cd —
26, (be Y(2)ag(2)(1 — 2)? doaeol(z)bgo(z)> = b, }(2)ag(z)In(1-z)(1~2)? d“agol(z)bgo(z)
and consequently /.\i,k (6p) is the i—th coefficient of In(1 — z) which is equal to —1/i.

The three above cases imply the expected result. O

6.2. Proof of Theorem 1

We can follow from line to line the proof of Theorem 1 in [FZ98]. The only difference relies on the
following Lemma in which it is stated that the choice of the initial values has no influence on the
estimation. Its proof is completely different from the one done in [FZ98] because we do not have
the same speed of convergence.

Lemma 4. Under the assumptions of Theorem 1, we have almost surely

lim sup |e:(0) — €(0)] = 0. (40)

t—o00 0cO;

Proof. From (25) and (29), for all § € ©5 and all t € Z, we have

er(0) — &(0) = v(0) X — Zyj WXej =D ()X = D> verw(0)X k.

>0 >t k>0
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Recall that for any sequence (Y, ),7 of random variables it holds that

Yn Y@sup|Yk—Y|—>0

n—o0 k>n

Hence supyc g, |€:(0) — €:(0)| converges almost surely to 0 as soon as supy>; supgeg, |€k(0) — €x(0)]
converges in probability to 0. In view of (27), for all 8 > 0 and for large t we have

P (sup sup |ex(0) — €x(0)] > 6) =P (sup sup Z’ykﬂ 0)X_j| > ﬁ)

k>t 0Oy t 0€O;5 j>0

<P (Zsup sup vk (0)] | X-j] > ﬂ)

>0 k>t 0€O;
< — (supE|X > <—> )
8 <teZ x J; t+)
K —d
< (¢ _ 1
< ﬁdl(t 1) t—>_o>o 0
and (40) is proved.
O
6.3. Proof of Theorem 2
By a Taylor expansion of the function 8Q,,(-)/89 around 6y and under (A3), we have
0 A . .
0 = Vg Qullh) = Vg 0nl0e) + [ 5 @n (05.)| Vi (=) (a)

where the 67 ; .'s are between 0, and 0. The equation (41) can be rewritten in the form:

82

Vg Onlte) = V5 @n(80) = Vi 3, Onlte) + | 5.7

Qn (0: 11):| \/ﬁ <én - 90) . (42)
Under the assumptions of Theorem 2, it will be shown respectively in Lemma 5 and Lemma 8 that

V3-04(00) — V2 Qu(0o) = 05(1),

and

. 0? ‘
nln;o{[WQn ((9”,])] —J(@o)} =0 a.s.
As a consequence, the asymptotic normality of \/ﬁ(é,, — 6o) will be a consequence of the one of
V/n9 /90 On(0o).

Lemma 5. For1 < k < p+ g+ 1, under the assumptions of Theorem 2, we have

Vi (357 @n(0h) = 55-O0n(60) ) = o5(1) #3)

Proof. Throughout this proof, § = (01, ...,0p4q,d) € Os is such that dy < d < d» where d is
the upper bound of the support of the long-range dependence parameter dp.
The proof is quite long so we divide it in several steps.
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o Step 1: preliminaries For 1 < k < p+ g+ 1 we have

0

\/ﬁa—ek Qn(bo) = % Z 5t(90)a%5t(90)

WZ {(60) — (0)) (6 ; ) - el 8%&(90)
23 (cel0) — eullo)) el + }

Lz Zet(eo)a%et(eo)
= A5 (0) + A%, (6) + Ak 5(6) + A 4(00) + \/ﬁa% Ou(f0). (44)

where

7 Z a%ﬁt(%)
A0 = 7 2 St < éfo) ~ g-ca(®) ).
=1
Using (30) and (34), the fourth term Aﬁy4(90) can be rewritten in the form:
Af 4(00) = NG Z Z { jok (60) = Ak (90)} €t€—j. (45)
t=1 j=1

Therefore, if we prove that the three sequences of random variables (A% | (6)+AF 5(6))n, (A% 5(6))n
and (AﬁA(Go)),, converge in probability towards 0, then (43) will be true.

© Step 2: convergence in probability of (A,/ﬁ,4(90))n to 0

For simplicity, in this step we denote in the sequel by ).\j,k the coefficient j\j,k(90) and by )\th the
coefficient )'\Jt-’k(Ho). Let o(-, ) be the function defined for 1 < t,s < n by

Z Z { ik T Jl k} {)"J'zk - /\Jszk} E [Efef—heses—b] -

h=1j=1
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For all 8 > 0, using the symmetry of the function o(t, s), we obtain that

2
P (‘AﬁA(@o)‘ 2 5) < niﬁQE Z Z {).\j,k - )\th} €t€tj
t=1 j=1
= niﬁ2 Zn: Zn: i i {).\jlvk - /\Jt1k} {).‘jzk - /\Jszk} E [Etet—heses—jg]
t=1 s=1j;=1 jp=1

n t [e'e) [e'e)
< 2SS Pk ) [ M) Bl s ]

t=1 s=1 ji=1jp=1
By the stationarity of (e;):cz which is assumed in (A2), we have

E [Etef—jleses—jz] = cum (60' €—jir Es—t ES—f—jz) +E [606—11] E [ES—fGS—t—jz] +E [eoes—t] E [e—jles—f—jz]
+E [GOES—f—jz] E [6—1165—7?] :

Since the noise is not correlated, we deduce that [E [ege_j,] = 0 and E [epes—¢—j,] =0 for 1 < ji, jo
and s < t. Consequently we obtain

n

P <‘A5’4(90)‘ > 5) < niﬁ2 Zzt: i i Su>[i ).‘j1,k — )‘;k‘ ‘).‘jzyk — /\Jszk‘ lcum (€0, €—j, €s—t, €s—t—j)|

t=1 s=1 j;=1 p=1/1=

n t oo 00
+ n%g YN ‘/\jl,k - A;,k( (Ajz,k - Ajz,k‘ |E [eoes—e] E [e—ji€s—¢—p]]

t=1 s=1 j1=1 jp=1
(46)

t oo oo
. -t . .S
> DD sup Nk — )‘jl,k‘ ‘)‘jz,k - )‘jg,k‘ jcum (€0, €—jyv €5t €s—t—p)[ -5 0, (47)
s=1j=1jp=1/1=1

Cesaro’s Lemma implies that the first term in the right hand side of (46) tends to 0. Thanks to
Lemma 1 applied with r = oo (or see Remark 3) and Assumption (A4’) with 7 = 4, we obtain
that

t [c’elNe'e] ‘ S
> DD sup ‘Ajl,k - )‘jl,k‘ ‘Ajg,k - )‘jz,k‘ |cum (€0, €—jy, €51, €5t
s=1j=1,=1/1=1
t [o'slNe'e}
K
<5 E 5 |cum (€0, €—j,, €s—t, €s—t—j, )|
s=1ji=1j=1
o o

K o0
< T Z Z Z lcum (60,65,61'1,61'2)‘ m 0,

S§=—00 jj=—00 fo=—00
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hence (47) holds true. Concerning the second term of right hand side of the inequality (46), we
have

,82 ZZ Z Z ‘AJI k — 11 k‘ ‘/\Jz k — _]2 k‘ |E [6055 t]E [6—1165 t—12]|

t=1 s=1 j;=1 jp=1

1.k T J1 k‘ ‘)‘JZ k— Jz k‘ “E[G—Jle—Jz”
t= 1]1 1p=1

.llk _jlk‘

tljl 1
n
8021 H)‘ t2
= 22 k= 2k
n I
it

where we have used the fact that the noise is not correlated, Lemma 1 with r = 2 and Cesaro’s
Lemma. This ends Step 2.

o Step 3: (AX,(6)), converges in probability to 0
For all 8 > 0, we have

(‘A ‘ ) 5\/_ Z 1€:(6) — e (0) ]2

First, using Lemma 2, we have

0 .
a—ekﬁt(eo)

]LZ

| |
&=

Ha—ekﬁt 90

L2 i=1

o 2
-t
)\[ k 90 et I)

= Z Z )\,tk (6o) )\th (00) E [er—ier—]
i=1j

j=1

= 22{ ik 90}

< K. (48)
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In view of (30), (34) and (48), we may write

P (|40 28) = 773 (260 - w0)))

t=1 i>0
< oK zn:H)\(Q) )],
T BV ¢

We use Lemma 1, the fact that d > dy and the fractional version of Cesaro’s Lemma?, we obtain

P (‘Aﬁ,zw)‘ > 5) < UEﬁK %é t1/2+:(ld—do) —— 0.

This proves the expected convergence in probability.

o Step 4: Convergence of (A% (0) + AKX 5(6)),
Note now that, for all n > 1, we have

2 & . . Jd .
A5a0) + 20200 = 23 { (@(0) —(0)) — (e(00) — &(00)) | 55-¢:(60).

By the mean value theorem, there exists 0 < ¢, < 1 such that

(c(6) = (8D  (ex) ~ )| < | X421~ po + o)

”9 - 90“Rp+q+1 .

Rpt+q+1
(49)

2Recall that the fractional version of Cesaro’s Lemma states that for (he): a sequence of positive real numbers,
k>0 and ¢ > 0 we have

n
. - .1
lim het N:|n|c:>hm—§ he = c.
t—r o0 n—oo N 5
t=
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Following the same method than in the previous step we obtain

p+aq+1

5 B 2 O(e; — € 2
B (c®) ~ 20~ (eeto) ~&x00) )< 10~ o > || L0 o+ o) ]
k=1
p+q+1 ~ 2
(9(et — Et) ‘
< |16 — 6o||? supE ‘7 0
|| 0||RP+‘7+1 ; Qp 89[( ( )
ptq+1 ) - 5
<16 olZsian Y- oZsup [N~ X)),
k=1
< K10 — ol LY
=~ — V0|IRpta+1 d;dOSSU(Fj)Sd2 m
1
< K H9 - HOH[%gpﬂHl ?. (50)
where we have used the fact that the function
a(Et — gt) 2
0—E || ———=(0
o U <)
is bounded and continuous. By (50) and (48), it follows that
K 1 -1
k k ANV L L
P (|4h1(0) + A%2(0)] 2 5) < 510~ bollzrron - >
and the fractional version of Cesaro's Lemma implies
: K
Jim B (|451(6) + 4%5(0)| > 8) < Z110 — follzsronr (51)

o Step 5: end of the proof For any € > 0, we choose 6 such that % 16 — bo||gp+a+1 < €. Then,
from (51), there exists ng such that for all n > ng,

P(|aki(0) + a%50)| = 8) <<
By Step 2 and 3, one also has for n > ng

P (|aka(0) + Ala(00) 2 8) <.
Therefore, for all n > ng,

P ('ﬁa%on(eo) — Vn2_0,(60)

00y

> 25) <P (‘Aﬁ;(@) + Aﬁ,s(e)‘ 2 B)

+ P (| Ako(0) + Ala(00)| = 5)

€

IN

and the expected convergence in probability is proved. O



Y. Boubacar Mainassara, Y. Esstafa and B. Saussereau/Estimation of weak FARIMA models 24

We show in the following lemma the existence and invertibility of J(6p).

Lemma 6. Under Assumptions of Theorem 2, the matrix

J(06) = i [ 575 0n00)]

exists almost surely and is invertible.

Proof. Forall 1 </,j<p+ g+ 1, we have

0 2~ 0 0 0
g8;98; 000 = Zae 5g, (%) = Z{aa e(0o) g, celfo) + celfo) 5 5 (90)}'

Note that in view of (25), (26) and (27), the first and second order derivatives of €;(-) belong to
IL2. By using the ergodicity of (;):cz assumed in Assumption (A2), we deduce that

? 2
89(?3010 (B0) = 2E [8({; (90)8({; (90)] + 2E [Et(eo)agaag (90)} .

n—o0

By (30) and (33), €; and d¢;(6p)/06 are non correlated as well as ¢; and 9%¢;(6p)/0006. Thus we

have
2
%a@on(%h%of(@o)(ﬂf)—2E[£ (90)889 (%)}. (52)

From (30) and (39) we obtain that

0 0 :
E | og,cx(fh )ae ]— [(glAkl, (60) €c— kl) (g;lxm (90)etk2)]

=> > Me,i (00) My j (00) E [k €e—s,]

ki>1 ko>1
<K Y < )
ki>1
Therefore J(6p) exists almost surely.
If the matrix J(6p) is not invertible, there exists some real constants ci, ..., Cp4q+1 not all equal
/ +g+1 —p+g+1 .. /
to zero such that ¢ J(fo)c = 777" 3717 ¢ J(00)(j, i)ci = 0, where € = (c1, ..., Cprg+1) -

In view of (52) we obtain that

p%lpiqfl K deq( 90)> (Cic?eé((:o)ﬂ ~E [(pflckazéi())f] =0,

i=1 j=1 k=1
which implies that

p+q+1
aEt

0
Z Ck =0 a.s. or equivalenty c’aet( )
89k

00

=0 as. (53)
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Differentiating the equation (1), we obtain that

g5 {1 = 12 hxe = { b (0 e+ b (L ec(to)

and by (53) we may write that

, <£§9 {aeo(L)(l — L)do}Xt — {gebgo(L)} ) —0 as.

It follows that (1) can therefore be rewritten in the form:

<a90(L)(1 L)%+ ¢ % {ago(L)(l - L)d°}> X = <bgO(L) 'aaebgo(L)> ¢, as.

Under Assumption (A1) the representation in (1) is unique (see [Hos81]) so

c 0
<55 {ago( )1 — L)do} = 0 and (54)
c 0
¢ £ b(1) =0 (55)
First, (55) implies that
ptq ptq
Z Ck bgo = Z —CkLk =0
k=p+1 k=p+1
and thus cx, =0forp+1< k<p+q.
Similarly, (54) yields that
p d
0 1-1L
> a1 — 0% + Gorarian(D () =0
k=1

Since (1 — L)?/0d = (1 — L)9In(1 — L), it follows that

— Z CkL + Cp+q+1 Z ekL = 0

k>0

where the sequence (ex)«>1 is given by the coefficients of the power series ag,(L)In(1 — L). Since
eo = 0 and e; = —1, we obtain that

€1 = —Cptg+1
Ck = €kCpyqt1 for k=2,..., p
0= exCprqt1 for k > p+1.

Since the polynomial ag, is not the null polynomial, this implies that c,444+1 = 0 and then ¢, for
1 < k < p. Thus ¢ = 0 which leads us to a contradiction. Hence J(fp) is invertible.
]

Lemma 7. Forany1l <i,j < p+q-+1 and under the assumptions of Theorem 1, we have almost
surely

2 2
lim sup 0 —¢é(0)] =0 and lim sup 0 0

a ~
o0 0e0s 89 - 90; t—=00 gc 9, 59i39j6t(0)_W6t(9) =0. (56)
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Proof. The proof uses the same arguments that the proof of Lemma 4 so it is omitted.
O

Lemma 8. Forany 1 <i,j < p+q-+1 and under the assumptions of Theorem 1, we have almost
surely

n—oo

lim ?2 -Qn (05,7;)| — J(60) p =0 (57)
1 oy @ 0300 | - 00}

where 0% . . is defined in (41).

n,i,j

Proof. For any 6 € O, let

o2 2~ [0 . d . N L
In(0) = WQH (0) = P Z {@Et (9)} {89, €t (9)} + " t(e)mﬁt(e)v

t=1 t=1
and
. 0? 2y~ [0 o 2 o?
Jn(e) = WOH (9) = ; tz:; {%Gt (9)} {Wﬁt (9)} + ; £ Gt(e)—aeae, et(ﬂ).
We have
82
20,00, 3 (0ni) = J(0)(i.J ‘ [ 9n(05,.) () = S5 (05,0 )|

+ [ (05, )0 0) = J5(00) (i, )] + 15 (o) (7. J) — J(B0) (7. )]
(58)

So it is enough to show that the three terms in the right hand side of (58) tend almost-surely to

0 when n tends to infinity. Following the same arguments as the proof of Lemma 6 and applying
the ergodic theorem, we obtain that

0 0
J:(Qo) —> 2E 69 (eo)wet(eo) :J(Qo).

Let us now show that the term [J; (67 :)(i,j) — J;(60)(i, )| converges almost-surely to 0. In view
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(Z a6, 7 Vha (0) X kl) (Z azwz(@)xtkz) }H
ki>1 ko>1 ")

8
Z 89 ’ykl 9 7!(2(9)th1th2) ‘

ki,ko>1

of (25) and (27), we have

& (o) -2 2

sup
0Oy

= sup 9
9co; || 00

0
< sup < — Yk (9)> Vo () Xty Xtk
el || o, \ 0 00, a0;

+ sup

0 o 0
Py 8_9,-7"1(9) (@8_9]%2(9)) Xt—ky Xt—kg

ki ko>1
0 0
@8_9,-7"1(9)

IN

sup
ky kp>10€9s

+Zsup

ky ko>19€6s

K > (log(k1))® kg ™ log(ka)ky ™" [Xemio | [ X
ki, ko>1

+K > log(k)ky % (log(ka))® kst [ Xy | [ Xeso!
ki, ko>1

sup
[ASEH

0
8—9]»%(9)“ X Xesl

20
00 00; /"

0 (0) 0)| ool e

0Oy

IN

Consequently we obtain

sup
0c Oy

0

<K > (log(k))* ky '~ log(ka)ky '~ sup By, | Xe|?
K ko>1 teEZL

+K Y log(ki)ky '~ (log(ka))® ky '~ sup By, [ Xe|?
ke Fool teZ

<K. (59)

Following the same approach used in (59), we have

% { (")ae?;eff(e)}w <o (60)

A Taylor expansion implies that there exists a random variable Uy 's between 07 ;. and 0o such

Eg, | sup

0cO;

0
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that

[0335)00) = 3 60).D)| = | 5053, - B 0o

0 “(0)(i. .
< g [ 50000 10—l
2 o (0 0
<23 g (s ) 1 o
2 ) 0?
+;;ei“£6 %{“(9)09,-891 }HH(’"” ol

By Theorem 1, the ergodic theorem, (59) and (60) imply that lim,_.oc [J5(6}, ; )(i,7)—J5(60)(i,j)| =
0as.

To prove the almost-sure convergence of the first term of the right hand side of (58) it suffices
to show that

n

1
L3 ap
=1 0cO;

8 0 0 0 ‘

and
n

1
1S qup e
n =1 0c Oy

H? . 9%
r(Q)WEr(Q) - Et(e)met(e)‘

converge almost-surely to 0. On one hand we have

1 0 0 0 0
— . 0 - 0 o 0 ~ 0
n 22 228 |00, g, %)~ g, ) g, )‘
1 0 0 0 P 9 3
< = sup |=—¢:(0) — =—¢€:(0)] su 0)| + sup |=—F€+(0)]| su 0) — —€.(0
nia {9636 89i6t( ) 89i6t( ) Gega 89 el )‘ Gega a0; é(0) Gegg 39 é(0) 39j6t( )‘}

1/2
70, 9)D )

o\ 1/2
0
89 +(0) — %ét(e)D ) :

N 1/2
o) o . 1o
eu(0) - 8—&&(9)0 ) ( > (;eu&
N\ 1/2
J . 1o
a—eiet(Q)D ) (nz <(Js€u(§(s

In view of (25) and (27) it follows that

2
Eg, sup < supIEg0 |Xt Z log(k1)k; I=d | < oo
0€0Os ki >1

Similar commutations imply that
3 2
20 et(H)D ] < 00.

Eg, sup
0cO;

0
a—eﬁt(e)
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Cesaro's Lemma, Lemma (7) and the ergodic theorem vyield

1o o) o) .., 0 .
Etz_;ese”& 0 (9)8—9]@(9)—6—&@(9)8—@@(9) 2% 0.
On the other hand, one similarly may prove that
0? 0?
- 0) — é:(0)———é:(0)| = 0.
2956“55 () 35,09, 0, ct(0) = & )ae,-aeff( ) 050

Thus
sup [|Jn(6) = J5(0)] = 0
96@5 n—o0

and the lemma is proved.
The following lemma states the existence of the matrix /(6p).

Lemma 9. Under the assumptions of Theorem 2, the matrix
1(6p) = lim Var \/EQO (6o)
o)~ o 00" 0

exists.

29

Proof. By the stationarity of (H¢(6o))tcz (remind that this process is defined in (7)), we have

o {ﬁ%on(eo)} ~ Var {% ; Ht(eo)}
_ % S™ " Cov {Hi(6o). Hs(60)}

t=1 s=1
n—1

:% S™ (n—|hl) Cov {H(b0), H—n(f0)}

h=—n+1
By the dominated convergence theorem, the matrix /() exists and is given by
0o) = Y Cov {H:(0o), He—n(00)}
h=—o00

whenever

>~ |ICov {He(fo), He—n(fo)} || < oo.

h=—oc

(61)

Fors € Zand 1 < k < p+q+1, we denote Hs (6p) = 265(90)%65(90) the k—th entry of
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Hs(6p). In view of (30) we have

|Cov {H:,i(6o), He—nj(60)}| = 4 |Cov Z Miy.i (00) €xer iy, Z ).\kg,j (0o) €t—h€t—h—k,

ki>1 ko>1
<4 Z Z ‘/.\/q,i (90)‘ ‘j‘kzvj (90)‘ |E [eret—iq €t—h€t—h—k,)|
ki>1 ko>1
= Z Z —‘E[Gtet ki€t—h€t—h— kz]‘

ki>1 ko>1
where we have used Lemma 3. It follows that

|Cov {H:,i(60), Hi—n;(00)}] < lcum (¢, €2y, €t—hy €t—h—ky )|
1/<2

h=—cc hEZ\{O} ki>1ko>1
+ Z Z |]E [etet kIEtEt k2]|
ki>1 k2>1

Thanks to the stationarity of (€;)ez and Assumption (A4’) with 7 = 4 we deduce that

Z |Cov {H¢,i(60), He—n j(60)}| < Z Z Z 1k2 lcum (€0, €y, €—h E—h—k,)|

h=—c0 heZ\{0} ki>1 ko>1

+ Z Z — |E [ege— ki €0€— k2]|

k1>1k2>1
<K Z |cum (eo, €k, €n, €)|

h,k,I€Z
+ Z Z (\cum €0, €—k;1 €0, €E— kz)’

ky>1 k2>1
+ 02 [Efe—ekll)
1\2
<K Z |cum (eo, €k, €n, €/)] + Ko*é1 Z (k—l> <K
h.k,IEZ ki >1
and we obtain the expected result. O

Lemma 10. Under Assumptions of Theorem 2, the random vector \/n(0/00)On(6p) has a limiting
normal distribution with mean O and covariance matrix 1(6y).

Proof. Observe that for any t € Z
E |et—e€ (9 ) =0 (62)

because 0e;(0y)/00 belongs to the Hilbert space H.(t — 1), linearly generated by the family
(€s)s<t—1. Therefore we have

nirgoE[ﬁ%o (90)] = lim \/_ZE|:61:60 00)]
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For i > 1, we denote A; (60) = (Ai1 (6o) .. .., ).\,-,p+q+1 (Ao))" and we introduce for r > 1

r
Ht’r(eo) =2 Z /\,' (90) €t€r_j and Gt’r(eo) =2 Z /\k (90) €t€r_j.
i=1 i>r+1

From (30) we have

\/_ O 90 \/,ZHtrHO IZGtrHO)

Since H: ,(0y) is a function of finite number of values of the process (€t):cz, the stationary
process (Hy r(6o))tcz satisfies a mixing property (see Theorem 14.1 in [Dav94], p. 210) of the
form (A4). The central limit theorem for strongly mixing processes (see [Her84]) implies that
(1/+/n)>"1_1 He.+(00) has a limiting N(0, /,(6p)) distribution with

Ii(60) = lim Var (\% ; Ht,r(90)> |

Since % > t—1 He.r(0o) and % > t—1 Ht(6o) have zero expectation, we shall have

_ 1 O 1 O 0
rIer;O Var (ﬁ ; Ht'r(90)> = Var <% ; Ht(00)> = Var {\/E%On(ﬂo)} :

as soon as

n n 2
r'l)”;OE [\/15 tz:; He(6o) — % ; He,+(6o) ] =0. (63)

As a consequence we will have lim, o I,(60) = /(6p). The limit in (63) is obtained as follows:

2 2
E =E
Rp+g+1 Rp+g+1

,-
Z Z j\k,l (Ho)etket)
Z > > ‘j‘k,/(go)").‘J',/(HO)"E[Et—ketes—jfs”,

t=1 k>r+1
=1 t=1s=1 k>r+1j>r+1

1 < 1 < 1 <
— H:(6p) — — H: +(00) — Gt.r(6o)
fE ¢ f§ ° fE °

IN
S|
T
+
e}
+
fan
=
| —
-~

4
S_
n

We use successively the stationarity, Lemma 3 and Assumption (A4’) with 7 = 4 in order to obtain
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1 n
Vi &

that

—nth(Ho) ZHtr 90)

+q+1

Rpt+q+1

n—1
> > ‘Ak/ (6o) H/\J/ (6o) ‘ (n— |hl) |E [e:—kerer—n—jee—n|

h=1—nk>r+1j>r+1

i Z Z ‘)\kl (6o) H)\j/ (6o) ‘!E[et k€t€e—h—j€r—n|

h=—o0 k>r+lj>r+1

L

h#0 k>r+1 j=—00

2
+(rf1)2 Z Z |Cum €0, €—k, E_J’EO)|+KO- Z <%>

k>r+1j>r+1 k>r+1

IN

4P
n

IA
) Mi &

IN

and we obtain the convergence stated in (63) when r — co.
Using Theorem 7.7.1 and Corollary 7.7.1 of Anderson (see [And71] pages 425-426), the Lemma
is proved once we have, uniformly in n,

ar (% Z thr(90)> = 0.
t=1

Arguing as before we may write

[Var <%;Gt,r(00)>] = | Var %Z_: ;: /\k(eo)et_ket

ij t=1 k>r41 i

:%ZZ Yo D Mai(0) My (0) E[ee—ryeres—so6s]

t=1 s=1 ky>r+1 ko >r+1

4> > ‘;\klvi(eo)/’\kzvj(HO)‘|E[€t—k1€t€t—h—k2€t—h]|-
h=—0c0 ky,ko>r+1

and we obtain that

SL,J7p Var < Z Gt.r(6o) ) = — 0, (64)

which completes the proof. O

No we can end this quite long proof of the asymptotic normality result.



Y. Boubacar Mainassara, Y. Esstafa and B. Saussereau/Estimation of weak FARIMA models 33

Proof of Theorem 2

In view of Lemma 5, the equation (42) can be rewritten in the form:
0r(1) = VA2 0ult0) + | 2@ (035,)| VA (8 — o)
9006, i " '

From Lemma 10 /n(6, —90)(82/89;691-)0,,(9;,'1-) converges in distribution to A(0, /(p)). Using
Lemma 8 and Slutsky's theorem we deduce that

([ 9 €360)]  |sgr @o (030)] ViGn — o))

converges in distribution to (J(Ap), Z) with Pz = A(0, I). Consider now the function h : R(P+a+1)x(p+a+1) 5
RPFTI+L s RPFTIHL that maps (A, X) to A~1X. If D, denotes the set of discontinuity points of h,
we have P((J(6p), Z) € Dp) = 0. By the continuous mapping theorem

b ([(0%/06,00))Qu(6,:,)] . [(62/06:06,)Qn(07,:.)] /A0 — 66))

converges in distribution to h(J(6g), Z) and thus /n(d,—6o) has a limiting normal distribution with
mean 0 and covariance matrix J~1(6)/(09)J~(6o). The proof of Theorem 2 is then completed.

6.4. Proof of the convergence of the variance matrix estimator

We show in this section the convergence in probability of 2 := J-1[°PJ-1 to 2, which is an
adaptation of the arguments used in [BMCF12].

Using the same approach as that followed in Lemma 8, we show that J, converges almost surely
to J. We give below the proof of the convergence in probability of the estimator 7,75P, obtained
using the approach of the spectral density, towards /.

We recall that the matrix norm used is given by [|Al| = supj, <1 [[Ax]| = p'/2(A'A), when Ais
a RM>% matrix, ||x||> = x'x is the Euclidean norm of the vector x € R*, and p(-) denotes the
spectral radius. This norm satisfies

ki ko

A2 <> >k (65)

i=1 j=1

with a; ; the entries of A € R¥*k2. The choice of the norm is crucial for the following results to
hold (with e.g. the Euclidean norm, this result is not valid).
We denote
Shu, =EHH,, Sy=EHH, Sy =EH, H,,

where H; := H;(6p) is definied in (7) and H, , = (H, 1....,H;_,)". For any n>1, we have

[
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We then obtain

- 1000)| < 6720 - o7 0)|| | 55

[o= ) +le @]l 5 - =

oo

+ et 1=l | &) - 02|

< e -7 (|5 ] |8 o] + el 1)
+ |5 - =] |6l

< ||é7r @) |l e) - &) e (| Za]|]| 8 @) + e @l 151
+ |50 - =] | & @] el (66)

In view of (66), to prove the convergence in probability of [3F to /(6p), it suffices to show that
®,(1) — @(1) and %5 — X, in probability. Let the r x 1 vector 1, = (1,..., 1) and the
r(p+q+1) x(p+qg+1) matrix E, = lp4 441 ®1,, where @ denotes the matrix Kronecker product
and I, the m x m identity matrix. Write @7 = (&1, ..., ®,) where the ®;'s are defined by (8). We
have

b(1) = o) = Y= D Okt D Pk =D
k=1 k=1 k=1 k=1

r r 0
< Z(‘i’r,k—@,k) +ID (Prk— )|+ || D &
k=1 k=1 k=r+1
<|(& -2 ) B+ @ -0+ | > o
k=r+1
<Vrrar Wi (|8, -of 1o -2 0)+| > el (67)

k=r+1

Under the assumptions of Theorem 3 (see (9)) we have

o o0 o0
Yoo < > <k Y o
k=r+1 k=r+1 k=r+1 el

Therefore it is enough to show that \/7||@, — @, || and \/r|| @ — @, | converge in probability towards
0 in order to obtain the convergence in probability of ®,(1) towards @(1). From (10) we have

Ht(e()) - Qrﬂryt(eo) + Ur,t- (68)
and thus

5, =Var(u,) =E [u,,t (He(00) — @, H (90))'] .

Zrilrt
The vector u,; is orthogonal to H, ,(fo). Therefore

Var(u ) = E [ (Hi(0) — @,H,,(60)) Hy(60)]
=Sy- P yp
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Consequently the least squares estimator of X, can be rewritten in the form:

where

Similar arguments combined with (8) yield

>, =E [utu;} =K |:UtH;(90):|

35

~ B[00 (00)] — 3 O [H @) 00)] = Y B [Hii(00)Hi(00)]
k=1

k=r+1

=SH—DSyn — Y, HE [Ht—k(GO)H;(QO)} :
k=r+1

By (69) we obtain

Hf‘”_z" =% & AF/Q I+ @ ZHH + Z OE |:Ht k(9o)H;(9o)] ‘
k=r+1
— Sz (& - 2) S5 — 9 (Shp — Thm, ) + Y 08 AT
k=r+1
< f,:,—ZHH—FH( o) ( F/ﬂ_XHH>H+H( ¢t)>:,’1,,ﬂrH
+H9¢<Ahﬂ ZHH)H* Z P [Ht k(90)H£(90)} (71)

From Lemma 9 and hypotheses of Theorem 3 (see (9)) we deduce that

< fj X HE [He-k(00)Hy(60) |

k=r+1

S B [Heoi (G (0)]

k=r+1

Observe also that

19517 < S Tr (o) < 0.
k>1

Therefore the convergence fg, to X, will be a consequence of the four following properties:

o 54— Zull = op(1),
o P—lim, ng - Qﬁn =0,

o |55, 11 = O().

\
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The above properties will be proved thanks several lemmas that are stated and proved hereafter.
This ends the proof of Theorem 3. For this, consider the following lemmas:

Lemma 11. Under the assumptions of Theorem 3, we have

[zly <

sup maX{HZH,ﬂ,H | Zh,
r>1

Proof. See Lemma 1 in the supplementary material of [BMCF12].
O

Lemma 12. Under the assumptions of Theorem 3 there exists a finite positive constant K such
that, for1 < nrn,n <rand1<my,m <p+qg+1 we have

quZ) Z |C0V{Ht—r1,m1(QO)Ht—rz,mz(eo)v Ht—fl—hvm1(90)Ht—r2—hym2(90)}| < K.
€ h=—00

Proof. We denote in the sequel by ).\j,k the coefficient j\j,k(90) defined in (31).

Using the fact that the process (H¢(0o))tez is centered and taking into consideration the strict
stationarity of (€;)tez we obtain that for any t € Z

Z ‘COV(Ht—rl,ml(QO)Ht—rg,mz(QO): Ht—r1—h,m1 (QO)Ht—rQ—h,mQ(QO)) ‘

h=—00
= " [ElHeru.ms (00) Herym(60) ey my (B0) He i (60)
h=—o00
—-E [Ht—r1,m1 (QO)Ht—rz,mz (90)] E [Ht_rl_hvml (QO)Ht—Q—hvmz(eO)] ‘
S Z ‘Cum(Ht—rl,ml (00)1 Ht—rz,m2(90)1 Ht—r1—h,m1 (00)1 Ht—rg—h,mg(eo))‘
h=—o0
+ Z “E [Ht—r1,m1 (QO)Ht—r1—h,m1 (90)” ‘E [Hf—fzymz(HO)Ht—r2—h,m2 (90)”
h=—o00
+ Z “E [Ht—r1,m1 (QO)Ht—rg—h,mg(QO)” ‘E [Hf—fzymz(HO)Ht—r1—h,m1 (90)”
h=—o00
< Z Z ‘).\ilvml)'\jlvm2).\klym1 )"fl,m2 cum (606—1'1' €rn—nCn—rn—j C=hC—h—k 6r1—r2—h€r1—r2—h—f1)’
h=—00 i1,j1,k1,412>1
1 2
+ Tr(l,)ml,rg,mg + Tr(l,)ml,rg,mg'
where
1 (0.0]
TP = O [z rs.m (00)He—r—m (00)]] [E [He 1y (90) He oy ()]
h=—o00
and

2 o0
T m= > |E[He—r.m(00)He—rs—hms (00)]| IE [He—ry.ma (00) Hr—ry -,y (60)]]

h=—00
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Thanks to Lemma 3 one may use the product theorem for the joint cumulants ([Bri81]) as in the
proof of Lemma A.3. in [Shall] in order to obtain that

> Y

h=—00 i1,j1,ki,41>1

>\i1,m1/\j1,m2>\k1,m1)\él,m2 |CUm (EOE—ily Erl—rgerl—rg—jlv e—he—h—klv Erl—rg—herl—rg—h—él)|

< 0.

where we have used the absolute summability of the k-th (k = 2,...,8) cumulants assumed in
(A4’) with 7 =8.

Observe now that

T i = > B [Hemrym (00)Heri— b, (B |E [He—ra,ms (80) He—ro—ms (60)]]

h=—o00

< 2“2 |E [Ht—r1,m1 (GO)Hf—fl—h,ml (00)” Z |E [Ht—r2,m2(QO)Hf—Q—hvmz(eO)]| :
S

h=—o0

For any h € Z, from (30) we have

& [He 1y my (00)He—ry g (00)]] < D [ Nisn | [Ajume | lcum (€0, €, € € )]
ij>1
+ 3 (N | [N {\E[EOE—i]E[G—hG—h—j]!

ij=>1

+ |E [eoe—p] E [e—ie—p—j]| + |E [eoe—p—;] E [e—ie_p]| }

. 2
<> feum (g, e iyepeop )+ oty ‘/\i,ml

ij=>1

i>1

Under Assumption (A4’) with 7 = 4 and in view of Lemma 3 we may write that

2
< Q.

sup [E [He—ry,my (60)He—r, —h,m; (60)]] < sup Z |cum (eo, €—j, €—p, €—p—j)| + oF Z Ny
heZ, hez 5

i>1
Similarly, we obtain

2

> B Herom(00)He—ra—nmy (0] < > > Jcum (o, i epe—pj)| + 02y ‘/.\i,ml
h=—o0

h=—00i,j>1

i>1
< Q.

Consequently Tr(llv)mlnym2 < 00 and the same approach yields that Tr(f,)ml,rz,mz < 0o and the lemma
is proved.

]
Let fﬂr' Sy and f""ﬂ, be the matrices obtained by replacing H; by H:(6p) in f’,:, , f’,:, and
A,

T

r
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Lemma 13. Under the assumptions of Theorem 3, \/FHfﬂ, —Zu I, \/FHfH,H, — XHH,|l and
V|| — Zy|| tend to zero in probability as n — oo when r = o(n'/3).

Proof. For 1 < my,my <p+qg+land1<r,n<r the {(n—1)(p+qg+1)+m} {(rn—
1)(p+ g+ 1)+ mp})—th element of >4 is given by:

1 n
; Z Ht—rl,ml (GO)Ht—rg,mg (00)
t=1

For all 5 > 0, we use (65) and we obtain

(8 5 25) = Sl 5

%ZHr tHrt |:Hr,tﬂ/r,t]

2

r
S B_
rr pt+gq+lp+g+l

= 52 ZZ Z Z E( ZHt rn, ml(HO)Ht r, m2(90)

n=1mn=1 m=1 my=1 =

2
—E [Ht—r1,m1 (QO)Ht—rz,mz (90)] ) :

The stationarity of the process (H—r,,m; (60)Ht—r,,m,(60)), and Lemma 12 imply

P (VP 5| = 0)
r p+qg+1p+qg+l

1 n
=590 9 b SR (3 SUSMTSLWATE)
n=1mn=1 m=1 my=1 t=1
r p+q+lp+g+1l n n
= ﬁ 2 Z Z Z Z ZCOV Hz—ry,my (00)He—ry my (00), Hs—ry,my (60) Hs—ry,m, (60))
n n=1mn=1 m=1 my=1 t=1s=1
r ptq+lpt+qg+l n—-1
< (nﬁ 2 Z Z Z Z Z n_‘h‘)COV(Ht ., m1(90)Ht r, m2(90) He—h- mn, ml(HO)Ht h—nr, m2(90))
rn=1rn=1 m=1 mpy=1 h=1-n
r p+q+1p+g+l

= nﬂz Z Z Z Z sup Z ’COV H:— r, ml(HO)Hf r2, m2(90) He_p— r, ml(HO)Ht h—nr, mz(HO))‘

r=1r— 1m1 1 mp=1 €2 "
<C@+q+D

Consequently we have

2
ZHH :| §E |:I’
A 2
©[r|5 - 5]

_ Clptq+1)°r

2
]

IN

n n—o00

when r = o(n'/3). The conclusion follows. O
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We show in the following lemma that the previous lemma remains valid when we replace H;(6p)
by Ht-
Lemma 14. Under the assumptions of Theorem 3, \/Fpr, —Zu I, NG g — ZHn| and
VTl|Z — Zh| tend to zero in probability as n — oo when r = o(n(1=2(d=d))/5),

Proof. As mentioned in the end of the proof of the previous lemma, we only have to deal with the
term \/FHZ,:’, — ZH,H'
We denote fﬂ,n the matrix obtained by replacing €;(6,) by €:(d,) in f’,:, . We have

e R R N e e

By Lemma 13, the term \/FHfﬂ, — X | converges in probability. The lemma will be proved as
soon as we show that

Jr Hzﬂ - zﬂH —op(1) and (72)
VP || £, — £, | = 0z (), (73)

when r = o(n(1=2(%2=d1))/5) This is done in two separate steps.

Step 1: proof of (72).
For all 8 > 0, we have

(el .

;ZHM . ZHW"

r p+q+1p+q+1 1 n
§ : o A § : (n) (n)
Ht_rlvml Ht_ermZ - ; Ht—rl,mlHt—rg,mg '
t=1

2. > EID)

n= 1r2 1!7111!7121

IN

where

ei(@n) and  HY) = (K H))

r

It is follow that
r p+q+lp+g+l

ORI S

n=1mn=1 m=1 my=1

P(v7||Zs, — Zn. | 2

= Ay 0 L AL Ay 0 L A
Z €t—n (Hn) 0 €t—n (Hn)et—rg (Hn)ae 6t—rz(en)
my my

t=1

E

~y 0 N ~. 0 A
— €t—n (Hn)Wet—rl (On)et—r, (en)ae—et—rz (0n)]-
my m

(74)
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Observe now that

femn () gy e 0o 0n) el = e 00) 5 Br)eenlB) 35— om0
= (E-allh) = ct-0(0) gg—e-n(0)enOr) —e-n (00
+en) (Gionn) ~ gy—ce-a(0)) énlln)5y—éecnld)
+ el ggeen(0) (o) = e-nl) Gieenll)

0 0

~ o 0 o
a0 gycen O nl0) (Gytinld) — 5p—ceon(@n))
mp my myp

We replace the above identity in (74) and we obtain by Hdlder's inequality that

r ptq+lptgtl
MK T p+q+1p+q

SN ST S (Toa+ Toz+ Taz+ Taa)  (75)

n= 1r2 1m11m21

P(vr H’—_ﬂ ~%u,,

zﬁ)s

where
T -y A ()% N () 9 . @.)| & (é) 9 . (62)
nl — - t—ri\Yn t—ri\Yn 12 59m1 t—r\Yn L6 t—mn\Yn 89m2 t—nm ILG'
n
) o 9 ) o o . .
7_n,2 = tz:; 6t—rl(en) L6 89m1 a5 €Et— rl(e )_ ag—mlet—rl(gn) iy 6t—rz(en) L6 89—n726t—r2(9n) Lo
. o )
Th3 = —r 9,7 an  St—n 9,7 ct—r(0n) — €t—r. 9,7 —€t—r 9,7 )
3 tz_:l €t 1( )]LG 89m1€t 1( )[LG €t 2(9) €t 2( )]L2 89m2€t 2( )ILG
. - d A . o . B .
Tha = —r 9,7 an  tt—n 9,7 r, w7 €t—r(0n) — 55—€t—r(0n .
4 tZ:; €t 1( ) L6 89m1 €t 1( ) Lo €t— 2(9 ) L6 aemz €t 2(9 ) 89m2 €t 2(9 ) i

1/2

éx(0,) — e:(0,)

2

([l -]

,-

< sup (E |:{Z()\j-(9)/\j(0)) et,} )
0€0s >0 ]

< oe sup [A0) = X(6) |

1/2

1
< K i@y

It is not difficult to prove that €:(6) and 9¢;(#)/00 belong to IL8. The fact that ,(6) and 9e.(6) /00
have moment of order 6 can be proved using the same method than in Lemma 12 using the absolute
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summability of the k-th (k=2,..., 8) cumulants assumed in (A4’) with 7 = 8. We deduce that

n 1 < KZ €r— r1 én - 6t—rl(én) L2 <K 6t(é\n) L2 + KZ éVt(én) - 6t(é\n) L2
=1- t=1
u 1
<K <r+ Z t1/2—(d2—d1)> :
t=1
Then we obtain
Th1 <K (r + n1/2+(d2_d1)) ) (76)
The same calculations hold for the terms T, 5, Tp3 and T, 4. Thus
Toa+ Toa+ Tog + Toa < K (r+ t/2HEd)) (77)

and reporting this estimation in (75) implies that

P (ﬁ”fﬂ — fﬂH > 5) < Kr5/2(Pn;C7+ 1)? <r+ n1/2+(d2—d1)>

/72 /52
<K n * nl/2—(d—di) |~

Since 2/7 > (1 — 2(d» — d1))/5, the sequence \/r pr’, - fﬂ'"H converges in probability to 0 as

n — oo when r = r(n) = o(n(1—2(d2—d1))/5)_

Step 2: proof of (73).
First we follow the same approach than in the previous step. We have

Z (n)f Z
H rit LV t
r pt+q+lp+qg+l

2
<ZZ Z Z < ZHf r1m1H§nr2m2_ ZHf flmlHt r2m2>

n=1mn=1 m=1 my=1 t—l

r p+qg+1p+g+l n
prq+1prq 1 . o
n

SO DS

n= 1!’2 1m11m21

2
£~ %

B B 2
—ft—rl(90)89—6t—r1(90)6t—r2(90)89—6t—rz(90)> :
my

m2



Y. Boubacar Mainassara, Y. Esstafa and B. Saussereau/Estimation of weak FARIMA models 42

Since

~ . 0 A ~ . 0 A 0
Et—rl(en)ag—mlet—n(Hn)et—rg(gn)ae—met—rz(en) €t— rl(HO)aHml €t— rl(HO)Et r2(90)89m2 €t— rz(HO)

5 0 ~ Ay 0 A
= (ce-n(0h) = ee-n(60)) gg—er-nGn)ee—n(Bn)zp—ce—n(dh)
my my

0 - s, 0 .
e rl(eo)<69 ct-n(0r) = Gy=ceen(60)) e-nOn)gy—ce-nl6)
ma m my

A~

0
Feen o) go—eea(00) (cen(l) — ev-n(00)) mo—ce-n(0)
mp my
0 0 A 0
+et_,l(eo)ae—et_,l(eo)et_m(eo)<89 cenll) 5 et_,2(eo)>,
my my my
one has

r o r ptgtlptgtl

S, — SH H <163 3 3" > (Uni+ Uno+ Unz + Una) (78)

n=1rn=1 m=1 m=1

where

R "
Un,l = E tZ:; ‘ef—fl(e — €t—n 90)‘ ‘%ml €t— rl( n)

ot

1« 9 A 0
Un2 = " ; |€t—r1 (60)| 89—,,716t_r1(9") - 89—,,716t_r1 (6o)

1o %)
- Z l€t—r (60)] Wmlq_n(%)
t=1

€t—r, (én)

O el
aemz €t— rn

0 A 0
a0 | G—cr-nl0) = g—cs-nl60).

Cb>
v

im0 = ccnl00)] |

1 d
Una = n ; let—rl (90)‘ s o ft— r1(90)

Taylor expansions around 6 yield that there exists § and 6 between 6, and 6, such that

b, — HOH and

ei(fa) — exbo)| < we

0 A 0
‘@Et(en) — %Gt(eo)

Dec(0) /90 H and qt—Ha%t )/96' 96, H Using the fact that

i

< q¢

with wy = ‘

0
Om,

0

Wi—pr 39— €t—n
my

E €rn(0n)] < o0

()ee-a(Fr) 55—

and that (v/n(f, — 6p)), is a tight sequence (which implies that ||6, — 6g| = Op(1/v/n)), we

deduce that
1
=02 (5.
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The same arguments are valid for U2, U, 3 and U, 4. Consequently Up 1 + Upo + Up3z + Upa =
Op(1/+/n) and (78) yields

A A 2 r2
b ZH,H — Op <7> .

When r = o(n/3) we finally obtain \/;Hfﬂ,,n — Si || = op(1).

]
Lemma 15. Under the assumptions of Theorem 3, we have
VEI9:— ] = 0s(1) asr— .
Proof. Recall that by (8) and (68) we have
He(00) = @ H, o+ tre = QiH, + ) PuHe () + uei= Q7 H, o+ 0.
k=r+1
By the orthogonality conditions in (8) and (68), one has
Z”fvﬂr =E |:u>rk,tﬂ,r,t] =K [(Ht(QO) - giﬂr,t) ﬂ;,t] =E [(grﬂr,t + Urt — Qiﬂr,t) ﬂlr't:|
= (&, —27) Zh,,
and consequently
D — b, =—Fpn Ty (79)
Using Lemma 11 and Lemma 12, (79) implies that
* r —
P2 -2l 2 8) < | T | |5
K\/r ’
< X_E > OHe k(o) + ue | H,
k>r+1
Ky\/r ’
< g/_ Z Al HE [Ht—k(HO)Hr,t:| ‘
k>r+1
K\/; / /
< 5 D@kl [E [Heer(B0) (Hialbo). . Hi (00)) ]|
>1
K\/F p+q+1p+g+1 r ) 1/2
< 5 Sl [ D0 > D [E[Hemr—(80) Hemr, k(60)]
>1 j=1 k=1 n=1
K\/F p+q+1p+g+1 r
Sl D0 D D UE[HL (0] E[HE, k(60)]

>1 j=1 k=1 n=1

< W Z | Desr]l -
>1

By (9), r> 451 [[®e4r|| = o(1) as r — oo. The proof of the lemma follows. O

1/2
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Lemma 16. Under the assumptions of Theorem 3, we have

as n — oo when r = o(n(1=2(2—d)

Proof. We have
e s

and by induction we obtain

. B PRI ootk 1k
|83} ==t = = 2] 7 - 26| | =
k=1

We have
P(vr| £ 25" > 8)

=)
(el 32
P(WHfﬁin

I i s

pIpE I el N D
< (|2 - =) + ==

Vr||Egt -zl = o)

/%Y and r — cc.

)|z - 55,

|z

A k 1 k
|2~ 2 [ =it > 5

~ k k ~
=0, = 25 || |72 > B and [za, - 25

~ k 1
=0~ %a | |7

71 - £

—r

<P | Vr||Zh, - 55

r

- 2]

=22+ o2 |7

7 (V7 |z, - 2

2 =

5

Lemmas 11 and 14 imply the result.

Lemma 17. Under the assumptions of Theorem 3, we have

va
Proof. Lemmas 11 and 16 yield
)

By (68), we have

0=E [u,,tﬂ,,’t] —E

(1) asr— oo and r = o(n1=2(2=d))/5)
<|| g5} - =] + |z = oe ).

|:(Ht(90) - Qrﬂr,t) ﬂlr,t] = ZHVH, - Qrzﬂr,

k A
> 3 and H}:ﬂr -5, H Hz;l

R A e

EH <1

)

44

)
)

(80)
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and so we have @, = ZH,HrZ,jl. Lemmas 11, 14, 16 and (80) imply

= V7|00, 55" — Tnn 55
= V| (B, — Z) 250+ T (55 - 222 |
= op(1)
and the lemma is proved. O

Proof of Theorem 3

Since by Lemma 14 we have HfFI—ZHH = op(r~1/2) = op(1) and || g —ZHHI| = op(r=1/2) =
op(1), and by Lemma 15 || @, — @*|| = op(r—1/2) = op(1), Theorem 3 is then proved.

6.5. Invertibility of the normalization matrix Pp4 g41,n

The following proofs are quite technical and are adaptations of the arguments used in [BMS18].
To prove Proposition 4, we need to introduce the following notation.
We denote S; the vector of RPT9+1 defined by:

t t t
0
_ - =1y _ -1 . .
S5 = J-E_l U= El 27 H; = -2J J-E_l € 8061(90),

j=

and S¢(7) is its i—th component. We have

Se—1(i) = Se(i) — Ue(i). (81)
If the matrix Ppigi1,n is not invertible, there exists some real constants di, ..., dpygs1 not all
equal to zero, such that d Ppiq41,,d =0, where d = (d, ..., dptg+1) - Thus we may write that

Soptatt ij;rlqﬂ diPpiq+1,n(J, /)di = 0 or equivalently

> (Uk() - Un(j))> (Z(Uk(i) - Un(i))> d; = 0.

n p+q+1lp+g+l (

nQZZ 2 4

i= k=1 k=1
Then
n  /ptq+l ¢ 2
( S 4 (z(ukm - Un(/»)) ~0
t=1 \ i=1 k=1
which implies that for all t > 1

So we have
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We apply the ergodic theorem and we use the orthogonality of €; and (9/00)e:(6p) in order to
obtain that

p+q+1 1 p+q+1 p+q+1 Oe
S d (EZUk(i)> 2 Y dE[UD =2 ) dJTHE [eka—ﬂ =0.
i=1 k=1 i=1 ij=1 J

Reporting this convergence in (82) implies that S P19 ¢;S,(i) = 0 a.s. for all ¢ > 1. By (81),
we deduce that

p+q+1 p+q+l  ptg+l De,
N ) —1/- - o
; GiU() = —2 ; d ; Y ) <6_9> — 0 as

Thanks to Assumption (A5), (e:)tcz has a positive density in some neighborhood of zero and then
e: 7 0 almost-surely. So we would have d’J_l% =0 a.s. Now we can follow the same arguments
that we developed in the proof of the invertibility of J (see Proof of Lemma 6 and more precisely
(53)) and this leads us to a contradiction. We deduce that the matrix Py q+1,, is non singular.

6.6. Proof of Theorem 5

The arguments follows the one [BMS18] in a simpler context.
Recall that the Skorohod space D[0,1] is the set of R‘—valued functions on [0,1] which are
right-continuous and has left limits everywhere. It is endowed with the Skorohod topology and the

4
weak convergence on D[0,1] is mentioned by D The integer part of x will be denoted by |x].
The goal at first is to show that there exists a lower triangular matrix T with nonnegative
diagonal entries such that

Lnr]
1 Dppta+i /
2 Ut (TT) 2B, (83)
t=1

where (Bpiq+1(r))r>0 is a (p + g + 1)—dimensional standard Brownian motion. Using (30), U;
can be rewritten as

i

Ur = <_2 {Z ).‘i,l (0o) er€e—ii - -, Z ).‘i,p+q+1 (6o) 6tet—i} J_1/> :

i=1 i=1
The non-correlation between ¢€;'s implies that the process (U;)tcz is centered. In order to apply
the functional central limit theorem for strongly mixing process, we need to identify the asymptotic

covariance matrix in the classical central limit theorem for the sequence (U:)tez. It is proved in
Theorem 2 that

1 i in law .
ﬁ Z Ut m N(O, .Q =. 27TfU(0)) ’
t=1
where fy(0) is the spectral density of the stationary process (U;)tez evaluated at frequency 0. The
existence of the matrix 2 has already been discussed (see the proofs of lemmas 6 and 9).

Since the matrix £2 is positive definite, it can be factorized as 2 = T T  where the (p + g +
1) x (p+ g + 1) lower triangular matrix T has nonnegative diagonal entries. Therefore, we have

1 4 '\N—1/2 in law
%;(TT) Fe—— N0, Ip+g+1),
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where (T T')~%/2 is the Moore-Penrose inverse (see [MN99], p. 36) of (T T')'/2 and I, 411 is the
identity matrix of order p + g + 1.

As in the proof of the asymptotic normality of (v/n(6,— o)), the distribution of n=/2 57 U,
when n tends to infinity is obtained by introducing the random vector U¥ defined for any strictly
positive integer k by

K K '
Uf = (—2 {Z )\,"1 (90) Et€t—jy .-, Z >\i,p+q+1 (90) EtEt_,'} J—1’> .
i=1

i=1

Since Uk depends on a finite number of values of the noise-process (e;)icz, it also satisfies a
mixing property (see Theorem 14.1 in [Dav94|, p. 210). The central limit theorem for strongly
mixing process of [Her84| shows that its asymptotic distribution is normal with zero mean and
variance matrix {2, that converges when k tends to infinity to 2 (see the proof of Lemma 10):

U N 0.0,

The above arguments also apply to matrix 2, with some matrix T, which is defined analogously
as T. Consequently, we obtain

1 n I in law
%;(Tka) Y2yk m]\/’(o, lptg+1)-

Now we are able to apply the functional central limit theorem for strongly mixing process of [Her84]

and we obtain that
|nr

—

I\ Dppta+i
(Tk Ty) 1/2Uk R Bptq+1(r).

||M

7
Since
(TT) 72Ut = ((TT)V2 = (TeT)™2) Uk + (T T) 72U,

we may use the same approach as in the proof of Lemma 10 in order to prove that n=%/2 37 ((TT')~%/2—
(Tx T,)~Y?)Uf converge in distribution to 0. Consequently we obtain that

Lnr]
]. ]]])p+q+1
\/— Z (TT)1/? uf o Bp+q+1(r).

In order to conclude that (83) is true, it remains to observe that uniformly with respect to n it
holds that

n—>oo

Lor
Z (TT)2ZE 20, (84)

where )

th( = <—2{ Z )'\,"]_ (90) €Ct€t—jy .oy Z ).‘i,p—i-q—i-l (90) Etét_,'}.j_]'/) .
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By (64)
1 n
supVar [ —= ZZtk —0
n Vﬁ;t—l n—o0

and since |[nr] < n,

»”/nk(r)H} — 0.

n—oo

sup sup {‘
0<r<1 n

Thus (84) is true and the proof of (83) is achieved.
By (83) we deduce that

Lnr)

2= [ W= 00 ) S (T2 (Bpaga(1) = rBprga(1). (85)
j=1

One remarks that the continuous mapping theorem on the Skorohod space yields

Posarin 2TV [ (Barqsa(r) ~ Borars} Bprara(s) = rBpsg (V) o] (T2
:(TT,)1/2 Vp+q+1(TT/)1/2-
Using (83), (85) and the continuous mapping theorem on the Skorohod space, one finally obtains
1(0n = 06) Prlqs1.0(0n — 00)
e (T 8] {(TT) Vg a(TT)2 {(TT) 2B q1a(1)}

= Boiqii(DVoiy 1 Borgia(1) i=Upigia.

n—o0

The proof of Theorem 5 is then complete.

6.7. Proof of Theorem 6
In view of (15) and (18), we write Ppigi1.n = Ppigiin + Qpiqi1,n Where
n t

Qprqrin = (J00) ™ = T 25 57 [ S2(H— A0y ) | | 00K — 550y He)

t=1 \ j=1 j=1

+J—1i§n:{
nop2

t=1

t

(Hj - % 22:1 Hi) (Z(Hj - % ZZ:1 Hi)

t
= j=1

j=1

- (Z(HjiZZl Flk)) (Z(Flj — 5 2k Hk)) }

Using the same approach as in Lemma 8, J, converges almost surely to J. Thus we deduce that
the first term in the right hand side of the above equation tends to zero in probability.
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The second term is a sum composed of the following terms

0es(0p) Oet(6o)
00; 00

0¢s(0,,) 0¢:(0,,)

— Es(0n)é(0n) 90, 00,

gl = eg(Bo)er(6o)

Using similar arguments done before (see for example the use of Taylor's expansion in Subsection
6.4, we have g.%*' = op(1) as n goes to infinity and thus Qp144+1.» = op(1). So one may find a

matrix Q5 11 , that tends to the null matrix in probability and such that
7 (8~ 00) Prlarrn (o 00) = (B~ 80) (Ppeqirnt Qoeqin) ™ (6, — b0)
=1 (6~ 9())/ Prtarin (fn—t0)
+n (G- 90)/ Qpsgern (0n = o).

Thanks to the arguments developed in the proof of Theorem 5, n(f, — 90)'P;jq+1’n(§n — bp)
converges in distribution. So n(f, — 00)'Q;+q+1’n(§,, — ) tends to zero in distribution, hence in

A~ A A A~

probability. Then n(6, — 90)’15;}%1’”(9,, —6p) and n(6, — 90),P;jq+1’n(9,, — 6p) have the same

limit in distribution and the result is proved.
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7. Figures and tables
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Fia 1. LSE of N = 1,000 independent simulations of the FARIMA(1, d,1) model (19) with size n = 2,000 and
unknown parameter 6y = (a, b,d) = (—0.7,—0.2,0.4), when the noise is strong (left panel), when the noise is
semi-strong (20) (middle panel) and when the noise is weak of the form (21) (right panel). Points (a)-(c), in the
box-plots, display the distribution of the estimation error G,(i) — 0o(i) for i = 1,2, 3.
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Fia 2. LSE of N = 1,000 independent simulations of the FARIMA(1, d,1) model (19) with size n = 2,000 and
unknown parameter Oy = (a, b, d) = (—0.7, —0.2,0.4). The top panels present respectively, from left to right, the
Q-Q plot of the estimates 3,, b, and d, of a, b and d in the strong case. Similarly the middle and the bottom panels
present respectively, from left to right, the Q-Q plot of the estimates &,, b, and d, of a, b and d in the semi-strong
and weak cases.
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Fia 3. LSE of N = 1,000 independent simulations of the FARIMA(1, d,1) model (19) with size n = 2,000 and
unknown parameter 0y = (a, b, d)A = (_0;7' —0.2,0.4). The top panels present respectively, from left to right, the
distribution of the estimates 4,, b, and d, of a, b and d in the strong case. Similarly the middle and the bottom

panels present respectively, from left to right, the distribution of the estimates 4,, b, and d, of a, b and d in the
semi-strong and weak cases. The kernel density estimate is displayed in full line, and the centered Gaussian density

with the same variance is plotted in dotted line.
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Fic 4. Comparison of standard and modified estimates of the asymptotic variance §2 of the LSE, on the simulated
models presented in Figure 1. The diamond symbols represent the mean, over N = 1,000 replications, of the
standardized errors n(4, 4 0.7)? for (a) (1.90 in the strong case and 4.32 (resp. 1.80) in the semi-strong case (resp.
in the weak case)), n(b, + 0.2)? for (b) (5.81 in the strong case and 11.33 (resp. 8.88) in the semi-strong case
(resp. in the weak case)) and n(d, — 0.4)? for (c) (1.28 in the strong case and 2.65 (resp. 1.40) in the semi-strong
case (resp. in the weak case)).
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Fia 5. A zoom of the left-middle and left-bottom panels of Figure 4
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F1a 6. A zoom of the right-middle and right-bottom panels of Figure 4
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TABLE 1
Empirical size of standard and modified confidence interval: relative frequencies (in %) of rejection.

58

Modified SN stands for the self-normalized approach. In Modified we use the sandwich estimator of the
asymptotic variance {2 of the LSE while in Standard we use (2s. The number of replications is N = 1000.

Model Length n Level Standard Modified Modified SN
é" Bn aﬂ én B" 8’1 é" Bn aﬂ
a=1% 2.8 2.7 2.1 3.7 3.1 2.5 2.5 2.5 2.0
Strong FARIMA n =200 a=5% 7.1 7.3 5.2 8.2 8.0 5.4 8.4 6.9 5.6
a=10% 11.8 11.2 8.3 12.8 124 9.5 14.5 115 10.6
a=1% 1.1 1.6 0.7 1.3 1.6 1.0 1.6 1.0 0.8
Strong FARIMA n=2,000 a=5% 5.8 6.9 5.1 6.1 6.8 5.3 5.6 6.4 3.8
a=10% 109 13.0 9.5 11.4 12.8 9.5 103 12.4 9.0
a=1% 1.3 1.2 0.7 1.2 1.2 0.8 0.8 1.3 1.2
Strong FARIMA n=25000 «o=5% 5.3 4.9 5.2 5.7 5.1 5.4 5.1 4.9 5.3
a=10% 10.6 10.3 11.4 10.7 10.2 11.7 11.8 10.8 11.4
a=1% 5.3 3.7 2.3 4.8 3.4 3.2 4.0 2.8 1.4
Semi-strong FARIMA  n = 200 a=5% 11.2 9.5 6.1 10.7 9.1 5.9 11.1 8.5 5.7
a=10% 16.8 145 8.6 16.7 14.7 10.0 17.1 139 109
a=1% 6.8 7.7 7.8 1.7 0.9 1.4 2.3 2.0 0.8
Semi-strong FARIMA' n=2,000 a=5% 19.5 17.7 14.9 6.5 5.8 5.5 8.1 6.8 6.5
a=10% 26.5 26.7 21.5 13.5 11.0 9.9 14.6 12.8 12.5
a=1% 11.2 9.8 9.4 1.6 1.5 1.1 1.6 1.3 1.2
Semi-strong FARIMA  n=5,000 o =5% 20.8 20.2 20.9 6.4 5.7 5.3 5.7 6.2 7.2
a=10% 28.2 28.4 284 12.2 9.8 11.3 12.0 13.0 13.9
a=1% 2.6 4.4 1.2 6.2 6.9 4.3 4.1 4.2 2.6
Weak FARIMA n =200 a=5% 6.6 11.3 4.3 13.8 14.6 10.2 12.0 10.5 8.9
a=10% 109 18.8 7.1 20.3 219 16.3 17.7 174 154
a=1% 1.1 5.3 1.3 1.5 1.2 1.6 1.2 1.1 0.9
Weak FARIMA n=2,000 a=5% 5.4 13.4 5.8 7.0 6.8 5.5 5.7 6.5 6.4
a=10% 114 21.2 9.6 12.8 12.0 11.2 11.3 119 12.2
a=1% 1.3 4.6 1.7 1.2 1.3 1.2 1.3 1.4 0.9
Weak FARIMA n=25000 «o=5% 6.3 14.4 6.0 6.7 6.3 5.9 6.2 6.2 5.0
a=10% 115 223 11.6 12.1 123 10.8 10.6 10.9 10.0
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Fia 7. Closing prices of the four stock market indices from the starting date of each index to February 14, 2019.
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Fic 8. Returns of the four stock market indices from the starting date of each index to February 14, 2019.
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Fic 9. Sample autocorrelations of squared returns of the four stock market indices.
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Fitting a FARIMA(1, d,1) model to the squares of the 4 daily returns considered. The corresponding
p—values are reported in parentheses. The last column presents the estimated residual variance.

Series Length n On Var(e;)

3n b, dn 62
CAC n=7,341  0.1199 (0.1524)  0.5296 (0.0000) 0.4506 (0.0000) 19.6244 x 102
DAX n=7,860  0.1508 (0.1819)  0.4926 (0.0000) 0.3894 (0.0000) 25.9383 x 10 °
Nikkei n=13,318 -0.0217 (0.9528)  0.1579 (0.6050) 0.3217 (0.0000) 25.6844 x 10 °
S&P 500 n=17,390 -0.3371 (0.0023) -0.1795 (0.0227) 0.2338 (0.0000) 22.9076 x 10°°

TABLE 3

Moditfied confidence interval at the asymptotic level o« = 5% for the parameters estimated in Table 2.
Modlified SN stands for the self~-normalized approach while Modified corresponds to the confidence
interval obtained by using the sandwich estimator of the asymptotic variance {2 of the LSE.

Series Modified Modified SN

én Bn 8" én Bn 8’1
CAC —0.044,0.284 0.319,0.740 0.251,0.651 [0.049,0.193 0.432,0.627 0.358,0.543
DAX —0.075,0.394 0.272,0.714 0.263,0.516 —0.219, 0.537 0.422,0.563 0.158,0.621
Nikkei —0.741,0.698 [—0.440,0.756 0.206, 0.437 —0.823,0.779 [-0.407,0.717 0.156, 0.488
S&P 500 [-0.554,—0.121 [—0.334, —0.025 0.162,0.306 [—0.430, —0.244 [—0.297, —0.062 0.101,0.366
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